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ABSTRACT
Developing and Evaluating Stealth Assessments for an Educational Game to Assess
Young Chinese Dual Language Immersion Learners’ Reading Comprehension
by
Frederick Poole, Doctor of Philosophy
Utah State University, 2020
Major Professor: Jody Clarke-Midura, Ed.D.
Department: Instructional Technology and Learning Sciences
The purpose of this multiple paper dissertation is to design a digital game and
stealth assessments within the game to assess young second language learners’ Chinese
reading proficiency. In Chapter 2 (Paper 1) I describe the game designed for this
dissertation and how it was implemented in a dual language immersion classroom. This
study found that the digital game and in-class implementation led to significant
vocabulary and reading comprehension gains. Further, seven types of support that
students needed while playing the game were identified. In Chapter 3 (Paper 2), I
describe how educational data mining approaches, and more specifically how data-driven
explorations, can provide insight into how players interact with the game and further how
those interactions relate to second language proficiency and learning. In this study, I
identify time on task and use of in-game tools as important indicators for learning. In
addition, four subgroups of students were identified based on their gameplay styles.
Finally, in Chapter 4 (Paper 3), I describe how stealth assessments were designed and
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validated within the game. This study found that the stealth assessments were
significantly correlated with two external measures of reading comprehension.
(232 pages)
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PUBLIC ABSTRACT
Developing and Evaluating Stealth Assessments for an Educational Game to Assess
Young Chinese Dual Language Immersion Learners’ Reading Comprehension
Frederick Poole
The purpose of this multiple-paper dissertation is to design a digital game and
stealth assessments within the game to assess young second language learners’ Chinese
reading proficiency. In Chapter 2 (Paper 1), I describe the game designed for this
dissertation and how it was implemented in a dual language immersion classroom. This
study found that the digital game and in-class implementation led to significant
vocabulary and reading comprehension gains. Further, seven types of support that
students needed while playing the game were identified. In Chapter 3 (Paper 2), I
describe how educational data mining approaches, and more specifically, how datadriven explorations, can provide insight into how players interact with the game and
further how those interactions relate to proficiency and learning. In this study, I identify
time on task and use of an in-game glossing tool as important indicators for learning. In
addition, four subgroups of students were identified based on their gameplay styles.
Finally, in Chapter 4 (Paper 3), I describe how stealth assessments were designed and
validated within the game. This study found that the stealth assessments were
significantly correlated with two external measures of reading comprehension.
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CHAPTER 1
INTRODUCTION TO MULTIPLE PAPER DISSERTATION
Integrating games into foreign/second language (L2) instruction is by no means
novel (Baltra, 1990; Hubbard, 1991). Digital games have been shown to promote L2
learning (e.g., Ansteeg, 2015; Bytheway, 2014; Coleman, 2002; Palaiogiannis, 2014; Suh
et al., 2010; Yudintseva, 2015), afford opportunities for meaningful L2 interactions
(Dalton & Devitt, 2016; Peterson, 2011; Warschauer & Healey, 1998), and provide
immediate feedback in context (Cornillie et al., 2012). Over the last 20 years, research on
digital games in L2 contexts has continued to grow (Cornillie et al., 2012; Hung et al,
2018; Poole & Clarke-Midura, 2020). Despite these increases, there are a few areas of
research involving digital games in L2 contexts that have yet to be explored. First, most
research on digital games for L2 learning occur outside of the classroom with a focus on
illustrating how the digital games can function as stand-a-lone learning tools (e.g., CalvoFerrer, 2017). This has led some researchers to call for more research on how digital
games can be integrated into the L2 classroom (e.g., deHaan, 2019; Jones, 2020). Second,
one of the advantages of using a digital game in a learning environment is the ability to
collect and track player data via log files. A recent systematic review noted that only
28.5% of the studies reviewed took advantages of log data in their research (Poole &
Clarke-Midura, 2020). Of those few studies, most of them used the log data to export chat
logs or answers to in-game quizzes (e.g., Erhel & Jamet, 2016; Peterson, 2011; Rama et
al., 2012). There is great potential for using log data in L2 game research. Such data
could be used to explore how learners interact with a game and how those interactions are
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associated with learning. Further, in other educational subject-content areas (e.g.,
mathematics, physics, science) researchers have used in-game actions to develop gamebased assessments (e.g., Gibson & Clarke-Midura, 2015; Gobert et al., 2012). While L2
researchers have used in-game actions as predictors for learning (e.g., Collentine, 2011;
Cornillie et al., 2012; Rankin et al., 2006), to date no study has explored the use of a
digital game as an L2 assessment tool.
In this multi-paper dissertation, I applied game-based assessment approaches
being implemented in other educational settings to an L2 learning context. To do this, I
designed and built a digital game for students in a Chinese dual language immersion
(DLI) classroom to promote vocabulary learning and reading development. I
implemented the game in two DLI classrooms. As students played the game, data related
to the use of vocabulary support, reading in-game texts, and gameplay behaviors were
collected. I applied educational data mining (EDM) techniques to analyze these data and
explored potential in-game actions and behavioral patterns that are associated with L2
reading comprehension and vocabulary growth. Finally, I constructed and validated a
Bayesian Belief Network to automatically assess young Chinese DLI learners’ reading
comprehension proficiency.
In the following sections, I first describe the research context that sets up the need
for game-based assessments for Chinese L2 learners in a DLI program. I then discuss the
goals and objectives for the present study. Finally, I provide an outline for this multiplepaper dissertation.

3
Context
Learners in the Utah DLI program are expected to not only become proficient
speakers, but also to develop literacy skills (Christian, 2011; Fortune & Tedick, 2008).
These literacy skills are particularly important given that when these DLI learners reach
middle and high school they are expected to learn content via the target language.
Researchers have argued that by developing oral skills before learning to read, learners
can rely on their oral abilities to support their understanding of a written text (Dew, 1994;
Koda, 2007). This is largely based on the assumption that reading is the result of
matching spoken units to a writing system (Shu & Anderson, 1999). This also assumes
that the written language provides phonetic indicators to allow for such matching. These
assumptions are met for DLI languages that employ an alphabetic script (e.g., Spanish,
French). However, for Chinese learners, matching the oral language to the logographic
script is difficult (Everson, 1998). Although the Chinese script does provide some
phonetic and semantic hints, they are not always reliable and their connections to
meaning or sound are not always clear.
Learning Vocabulary and Reading in Chinese
Chinese words are typically formed by a combination of two characters. While a
single character, and in some cases three or four characters can represent a word, twocharacter words are the most common. Characters themselves generally represent ideas.
For example, 电 (dian) is the character for electric and is used in words like computer,
elevator, and television; whereas, 话 (hua) is the character for speech or speaking and is
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used in words like sentences and conversation. When combining the 电 and 话 together,
you get the word “electric speech” or more accurately phone.
Learning Chinese characters can be difficult because unlike languages with an
alphabetic script, there is not a direct link between the orthographic information provided
in characters and the phonetic and/or semantic information associated with the character
(Feldman & Siok, 1999). This is problematic, because as mentioned earlier, both L1 and
L2 readers rely on their oral language skills to facilitate reading (Dew, 1994; Koda,
2007). In other words, for readers of a language with an alphabetic script, once the
alphabet is learned the reader can “sound out” words and then acquire or guess their
meaning by matching it to their knowledge of the oral language. However, in Chinese,
one cannot simply “sound out” a character.
A small portion of Chinese characters are referred to as either pictograms or
ideograms. Pictograms refer to characters that resemble an image. For instance, the
character for shop or store, 店 (dian) is said to resemble a person selling something in a
kiosk. Ideograms are characters that represent an idea within the character. For example,
林 (lin), the character for forest, is comprised of two tree radicals, and thus alone 木 (mu)
indicates wood or a tree but together (林) it means a forest. While pictograms and
ideograms can provide semantic knowledge via their orthographic representation, it is
important to note that nearly 90% of all characters are phonetic compounds. These are
characters that contain two parts, or radicals: a phonetic radical and a semantic radical
(Wang et al., 1986). Native speakers often use phonetic and semantic radicals to either
guess unknown words or as clues to known words, and learners with strong radical
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knowledge have also been shown to be better readers (Hayes, 1988; Shen & Ke, 2007). It
should be noted that while phonetic and semantic radicals do provide information relating
to the sound and meaning of a character, this relationship is not always transparent
(Feldman & Siok, 1999). For example, the silk radical 纟 found on the left side of the
character 给 (gei3, give) occupies the position usually reserved for the semantic radical,
but it has no apparent relation to the meaning of 给, which is “to give.” Phonetic radicals
are also unreliable as it has been estimated that they provide accurate clues only 26% of
the time (Fan et al., 1984). As a result, many young learners and novice readers of
Chinese tend to rely on simply memorizing characters.
Another challenge for L2 readers of Chinese is parsing characters within
sentences to form words (Shen & Jiang, 2013). Unlike languages with alphabetic scripts,
there are no spaces between words. This task is further complicated because Chinese
words can be comprised of one, two and/or three or more characters. Learning how to
segment characters depends on story context and grammar structures. For example, the
phrase 很难吃 (hen/nan/chi—very, difficult, eat), could be parsed as 很/难吃 (very
disgusting) or 很/难/吃 (very difficult to eat). The differences of how to parse this phrase
will be dependent on the context.
The Foreign Service Institute ranks Chinese as one of the most difficult languages
for native English speakers to learn (U.S. Department of State, 2020). Unsurprisingly,
two studies investigating student proficiencies in large-scale DLI programs found that
Chinese DLI students’ reading abilities lag behind their peers who study other languages
(Burkhauser et al., 2016; Watzinger‐Tharp et al., 2018). These studies have identified the

6
difficult script as a potential reason. Due to time constraints, DLI teachers are not able to
spend more time on learning characters and developing literacy skills. Currently, a
majority of their time is spent teaching subject content in the target language (e.g., math,
science, social studies), see Figure 1.1. The remaining time that they do spend
specifically on learning the target language must be split between both oral and literacy
skills. This time constraint is further restricted when one takes into account the amount of
time teachers spend on assessing their learners in the classroom. One way to address all
of these issues is through digital games that provide opportunities to both practice reading
and oral skills while simultaneously assessing learner proficiency.
Figure 1.1
Break down of Instructional Time

Multiple Dissertation Approach
The primary goal of this dissertation is to design and develop game-based
assessments that are able to accurately evaluate young Chinese DLI learners’ reading
skills. To accomplish this goal, it is necessary to design a game that can be integrated into
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the classroom. Further, this game must also elicit appropriate data to inform the
aforementioned assessments. Finally, to continue research in this area it is important to
explore other potential in-game indicators for learners and L2 proficiency growth. Thus,
this dissertation is guided by the following objectives.
1. To design and evaluate a digital game used in a DLI classroom.
2. To explore how in-game actions and play styles are associated with L2
learning.
3. To develop and validate assessments embedded in the digital game.
Dissertation Outline
I conducted one research study yet these objectives are addressed in three separate
papers. All three papers use the same participants, but focus on different data. A multiple
dissertation approach was taken to contextualize each objective in its own literature and
theoretical framing. While there is a clear relationship between all three of these
objectives, the literature and theoretical underpinnings of each objective are different.
Figure 1.2 provides an overview of the three papers in the next three chapters.
In the first paper, Chapter 2, the focus is on game design and implementation, and
how they promote learning. In this first paper, I argue that past research around L2
learning and digital games has been skewed towards design and lab-like settings, without
a clear focus on how such digital games can be used in L2 classrooms. In addition, I
provide a review of digital games designed for L2 learning and discuss how educators
have supported L2 learning in the classroom via digital games. Then, I provide detailed
descriptions of the game designed for this dissertation, the supplemental material created
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to support both gameplay and L2 learning, and the in-class implementation. The results
of this study focus on gains in vocabulary and reading comprehension as well as the type
of support that was provided by the researcher while students played the game.
Figure 1.2
Dissertation Outline

The second paper, Chapter 3, explores how educational data mining approaches,
and, more specifically, how data-driven explorations can provide insight into how players
interact with the game. It further explores how those interactions relate to L2 proficiency
and learning. In this second paper, I review how learning analytics and educational data
mining approaches have been used in L2 learning research. I then argue for the utility of
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using educational data mining approaches for exploring potential relationships between
gameplay behaviors and L2 proficiency and/or learning.
In the third paper, Chapter 4, drawing from the evidence-centered design
framework, I discuss the design of my game-based assessment. This final paper builds off
the first two papers, but focuses primarily on the design and theory that informs the
assessment I developed and evaluated. I provide a detailed description of the process used
to create and evaluate the assessments embedded in gameplay. Then I discuss the
implications that these assessments have for educators and L2 classrooms.
Finally, in Chapter 5, I provide a summary of the findings in this dissertation and
illustrate how this dissertation has addressed three currently under researched areas
involving digital games for L2 learning.
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CHAPTER 2
DESIGNING AND EVALUATING A DIGITAL GAME FOR THE DUAL
LANGUAGE IMMERSION CLASSROOM
Abstract
This study focuses on game design and implementation and how integrating the
game into a dual language immersion classroom promoted learning. I provide in-depth
description of the digital game designed for this study, the supplementary material
designed to support in-game learning, and the role of the teacher during in-class
gameplay. Results indicate that after 4 weeks of gameplay, students had significant
vocabulary and reading comprehension gains. I also coded audio data of students
interacting with the instructor-researcher and identified seven types of support. This
paper provides a model for one way to introduce a game into an elementary classroom
setting and how to support students while they play the game.
Introduction
While many researchers have been studying the use of digital games in second
language (L2) learning as stand-alone learning tools (e.g., Ansteeg, 2015; Calvo-Ferrer,
2017; Cobb & Horst, 2011; Collentine, 2011; Fotouhi-Ghazvini et al., 2009; Müller,
2012), there is a need for research on how to design and integrate games into L2
classroom instruction (e.g., deHaan, 2019; Jones, 2020). To date, there have been two
distinct strands of research on digital games for L2 language and teaching: (1) game-

11
based, and (2) game-enhanced (Reinhardt, 2019; Reinhardt & Sykes, 2014). Game-based
L2 learning and teaching refers to the use and study of games made for educational use
and has focused on designing and evaluating games for L2 learning (e.g., Alyaz & Genc,
2016; Ansteeg, 2015; Cobb & Horst, 2011; Collentine, 2011; Fotouhi-Ghazvini et al.,
2009; Müller, 2012). Typically, games designed in these studies target vocabulary
learning (e.g., Cobb & Horst, 2011; Fotouhi-Ghazvini et al., 2009; Hung et al., 2015;
McGraw et al., 2009; Müller, 2012) and there is an emphasis on illustrating how learning
is promoted by the game (e.g., Calvo-Ferrer, 2017). In these studies, the game is used as
an instructor and there is little emphasis or mention of the role of the teacher. Gameenhanced learning and teaching is defined as the use of vernacular or non-educational
games for L2 learning and teaching. These studies have investigated how learning occurs
in the wild (e.g., outside of the classroom without pedagogical support), (e.g., PiirainenMarsh & Tainio, 2009; Scholz, 2017; Thorne et al., 2012), affordances of games in lablike settings (e.g., Bytheway, 2014; Rankin et al., 2006; Vandercruysse et al., 2013) and
in some cases how educators have used such games to promote learning in classroom
settings (e.g., Miller & Hegelheimer, 2006; Ranalli, 2008; Reinders & Wattana, 2014).
Again, much of this research has been positive, illustrating the many benefits that games
afford learners, how unique game designs promote learning opportunities, and how
integrating games into the classroom promotes learning and motivation. However, it is
important to note that vernacular games are generally only appropriate for advanced L2
learners since in-game texts are written for native-speaking players. Researchers have
suggested L2 learners cannot be expected to develop their language knowledge and skills
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via games effectively without some form of support, especially L2 learners at lower
proficiency levels (Cornillie et al., 2012; Peterson, 2011; Rankin et al., 2006).
While these two research trajectories provide a clear distinction between
educational and vernacular games, the role of the instructor when using games to teach is
less clear. Further, most of the research on L2 learning and games focuses on universitylevel students in either an English as a Second Language (ESL) or English as a Foreign
Language (EFL) context with a dearth of research involving younger learners and other
languages, specifically Chinese (Poole & Clarke-Midura, 2020). To address this need, in
the present study I designed a digital game and a supplementary workbook to promote
Chinese reading comprehension and vocabulary learning in sixth-grade classrooms. The
present study takes the position that digital games, both educational and vernacular, used
for educational purposes should be evaluated based on in-classroom implementations.
This means that in addition to describing game design, researchers should also take into
account and detail extra support that may facilitate in-class enactments. Thus, the present
study explores the effectiveness of a digital game with support via supplementary
material and teacher mediation as a means to promote Chinese vocabulary learning and
reading comprehension in an elementary dual language immersion (DLI) classroom.
In the sections that follow, I first provide a review of the literature on L2 digital
games including past research on educational games, games that were used in a
classroom setting, and the supports that were used during enactment. I then introduce the
game I designed for the present study, Legend of the Dragon. Next, I introduce my
research design including my data analysis and my results. Finally, I discuss the findings
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and limitations of my study.
Literature Review
Digital Game-based Language Learning
Early research on digital games used in L2 learning contexts focused on the
potential learning benefits, challenges, and opportunities of games for L2 learning (Ang
& Zaphiris, 2006; Baltra, 1990; Hubbard, 1991; Rankin et al., 2006). Recently, there has
been a shift in L2 studies involving digital games to investigate a wider range of areas
including student perspectives, change in affect, vocabulary development, and other more
specific L2 proficiencies including listening, speaking, reading, and grammar. The game
designed in the present study specifically targets vocabulary acquisition and reading
comprehension, and thus this literature review will focus on digital games that have
targeted vocabulary knowledge and reading comprehension skills.
Vocabulary Learning
Of the studies using educational games to develop L2 vocabulary knowledge, one
study compared learning gains by participants who were exposed to vocabulary both in a
game and outside of a game either via flashcards or a textbook (Müller, 2012). Müller
reported that vocabulary learned in the game was recalled faster and more accurately than
vocabulary learned outside of the game. This game relied on a drill-and-kill type of
mechanic (Egenfeldt-Nielsen, 2007) in which students were given a patient with
symptoms and then needed to pick the correct medication based on the English name.
Feedback was given for incorrect solutions. The goal of this game was to promote
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automaticity of the English words through repetition.
Two studies also compared vocabulary gains between different conditions within
educational games (Franciosi et al., 2016; Peng et al., 2016). Franciosi et al. compared
vocabulary gains among participants who used a flashcard system (Quizlet) while playing
a game and those who did not. They found that those who used Quizlet reported better
vocabulary gains. This finding suggests that vocabulary learning is improved when
students have an opportunity to engage with the vocabulary in multiple contexts.
Similarly, this study used a workbook to go along with the game. Peng et al. compared
vocabulary gains among different group orientations, specifically competitive,
cooperative, and conjunctive. The authors define conjunctive groups as those whose
results are determined by the lowest performing member of the group. They found that
for low-achieving students, the conjunctive group orientation lead to the highest gains in
vocabulary.
Finally, two studies examined in-game vocabulary development without a
comparison group or condition (Alyaz & Genc, 2016; Dourda et al., 2014). Alyaz and
Genc found that participants scored significantly higher on a post-vocabulary test after
playing an educational game designed to teach German for 8 weeks. The authors mention
that there was additional instructional material but did not report on how that material
related to learning. Further, while the participants played, they were asked to keep a
journal to write down new vocabulary words, pragmatic phrases, and thoughts about the
game. However, data from the journal was not explored. In another study, looking at
vocabulary usage, Dourda et al. found that 45% of the words used in a reflection journal
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after playing a digital game were previously unknown vocabulary words. It’s important
to note that both of these games were dialogue-driven, meaning players advance through
the game by reading text and making decisions about the text. Thus, much of the
vocabulary learning likely occurred as the result of reading in-game texts and then
reflecting on the text via journals.
In summary, research on educational games has shown that vocabulary learning
occurs as a result of playing digital games. Further, research shows that adding additional
support while playing the game can further promote vocabulary learning. While the L2
gaming field is growing rapidly, there are a few areas that are still under researched. First,
a majority of the studies mentioned above occur in either an ESL or EFL context with
research in other languages (e.g., Chinese) lacking. Second, many of the studies above
have focused on comparing a digital game intervention to a traditional format rather than
exploring how the game is used in the classroom. When studies have implemented the
use of additional supports while in a classroom setting, the researchers explored how
providing a dictionary or an additional activity promoted learning rather than what the
teacher did.
L2 Reading
In terms of L2 reading skills in educational digital games, only three studies
explored how digital games promoted reading skills. Poole et al. (2018) explored an
interactive fiction game that was designed to promote reading skills, in particular selfregulation skills, while reading. The authors found that students engaged in more
metacognitive activity when they were prompted with a question in the game. Suh et al.
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(2010) conducted a study using an educational Massive Multiplayer Online Role Playing
Game (MMORPG) called Nori School. The authors compared L2 proficiency gains
between a control group that received traditional instruction in the classroom, and a
treatment group that learned via the MMORPG in the school computer lab. The authors
found that after two months of two 40-minute sessions per week, the treatment group
scored significantly higher on a post-reading assessment than the control group. It was
inferred that reading gains were the result of reading the in-game dialogue. In a study that
examined reading strategies by students playing a digital game in a content- and
language-integrated learning classroom, Dourda et al. (2014) found that students enjoyed
the game, received opportunities to develop vocabulary words, and used several different
reading strategies including skimming/scanning, translating and transferring, repeating,
use of imagery, and association of information and concepts. This research has found that
learning via gaming environments is better than learning via non-gaming environments
and that reading via a digital game can promote reading comprehension skills.
L2 Support in Gameplay
Although previous researchers have called for additional language support for L2
learners, only a few studies have investigated the effect of adding L2 learning assistance
to gameplay. One study found that ESL learners who completed in-game tasks directed at
vocabulary learning while playing The Sims performed better on post-vocabulary tests
when they received language instruction before playing the game (Miller & Hegelheimer,
2006). This study illustrates the benefit of adding L2 pedagogical support to a digital
game. Hitosugi, Schmidt, and Hayashi (2014) investigated how a vernacular game called
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Food Force facilitated vocabulary development for Japanese as a foreign language
learners. Similar to the Miller and Hegelheimer study, Hitosugi et al. compared
vocabulary gains between a group who received support (vocabulary lists and pre-reading
prompts) and a group who received no additional support. Finally, Dourda et al.’s (2014)
study was one of the few projects that investigated the use of a game in a classroom
setting with the support via in-class instruction prior to gameplay and post-game play
activities that asked students to speak and write about their gameplay. The authors found
that students improved English vocabulary knowledge, reading and writing skills, as well
as subject content knowledge related to geography.
Past research has shown the benefits that a digital game can have on vocabulary
learning and reading comprehension. Further, research suggests that adding pedagogical
support, either via reviewing vocabulary, discussing gameplay, or recording gameplay in
a diary, can be beneficial to the in-class L2 learning experience. However, research
involving the type of support that teachers can provide is lacking. The present study set
out to design a digital game and supplementary workbook to teach Chinese reading
comprehension and vocabulary and then explore its integration into a classroom context.
Theoretical Framework
The present study adopts a sociocultural framework for learning, more
specifically, learning is understood as occurring via the learners’ activity with the L2
through mediation that is culturally constructed. Student learning in the present study is
argued to be mediated by the digital game, the workbook, and the instructors. According
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to Vygotsky’s Sociocultural theory (SCT), human activity is mediated by culturally
constructed artifacts and concepts (Vygotsky, 1978). In this context, mediation is defined
as “the creation and use of artificial auxiliary means of acting – physically, socially, and
mentally” (Lantolf, 2011, p. 25). In a classroom, a learner’s activity is mediated by a
teacher who formulates questions and activities in certain ways (often culturally derived),
by textbooks, which similarly contain culturally constructed support and presentation
structures, and by classmates among others potential sources. While there are several
potential cultural artifacts that may affect what and how a student learns, the principal
idea is that students do not learn and produce language in a vacuum. Whether in the
classroom, in the home, or on the street, an L2 speaker will be provided with some form
of mediation. Thus, in the present study I provide detailed descriptions of the game, the
workbook, and the support provided by the instructor-researcher while students played
the game in order to contextualize and detail how such mediation provides opportunities
for learning.
When bringing games into classrooms, it is important to not only research
whether or not learning happened but to also ensure that students who don’t have any
prior gaming experience learn just as much as students who have prior gaming
experience. In other words, it is not only important to consider the classroom context, but
also the knowledge and experiences that the student brings to the classroom. Thus, this
research is guided by three research questions. The first two questions focus on student
learning and whether or not prior gaming experience affected learning gains. The third
question is focused on the types of support students need as they play the game in their
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classroom.
1. Do students who play the digital game show learning gains in vocabulary or
reading comprehension, as measured by the pre-and-post assessments?
2. Do students who have prior gaming experience see greater gains in
vocabulary or reading comprehension?
3. What supports, if any, do students need from instructors when integrating the
digital game into the classroom?
Game Design: Legend of the Dragon
The game used in the present study is called Legend of the Dragon (龙之传说)
and was designed and built by the researcher using RPG Maker MV. In this game,
students take on the role of an adventurer who sets out on a quest to aid the last dragon in
China. Along their quest, students meet nonplayer characters (NPC) who provide
information, present quests/tasks, and direct students towards the last dragon. The game
world consists of five major Chinese cities (Beijing, Harbin, Shanghai, Chengdu, and
Xi’an) and several fictional villages and dungeons placed in proximity to the cities. The
game world was designed to resemble the shape of China with cities located in their
approximate real-world locations (see Figure 2.1). To provide context for the size of the
game, travelling from one side of the map to the opposite side of the map takes
approximately 20 minutes and each of the cities, villages and dungeons lead the players
into smaller sub-maps.
All players start in Beijing and after completing the initial tutorial are given the
quest to retrieve a book in Xi’an. Once players retrieve the book, they learn that the last
dragon in China is sick and they need to find three components (dragon blood, dragon
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Figure 2.1
Over World Map of Legend of the Dragon

scales, and dragon bones) to concoct a potion that is believed to help the last dragon
recover from the illness. Along the way, players are introduced to places and people that
are culturally relevant to China. For example, the book that is sought in the first quest is
located in an underground dungeon near Xi’an that houses Terracotta warriors.
Dialogue
To complete quests and in-game tasks, players have a set of cards, items, and
skills at their disposal. These in-game features include a language support mechanism in
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the form of a glossing system (W. Hong, 1997; Poole & Sung, 2016) that provides the
Pinyin, a phonetic representation of Chinese characters. Glossing tools have been shown
to support reading fluency (Shen & Tsai, 2010; Xie & Tao, 2009) and improve reading
comprehension (W. Hong 1997; J. Wang, 2009, 2012; J. Wang & Upton, 2012) while
also lowering reading anxiety (Zhao et al., 2013). It is important to note here that when
designing the game, and more specifically when writing the dialogue, the researcher and
a native-speaker of Chinese purposefully wrote the text so that in most instances
potentially only one word would not be recognized. This is to say if a text was written
that contained two potentially unknown words, the text was broken up into multiple text
boxes (as shown in Figure 2.2) so that students were only given one potential new word
in each dialogue box. This is important as past research shows that students should be
able to read at least 95% of the vocabulary if they are expected to learn new vocabulary
from the text (N. Liu & Nation, 1985). Word difficulty was determined from two sources.
First, we created a master list of all the words used in the curricular materials developed
by a publisher being used in the partner school (https://www.mandarinmatrix.com/). We
focused on words that had been introduced in fourth grade or earlier for a majority of the
words in the in-game dialogue, and used words introduced in fifth and sixth grade as our
target vocabulary to be glossed. In some cases, words that did not appear in any of the
grades, but were deemed important to the story were also included as a target vocabulary
word to be glossed. The target vocabulary words were glossed to provide support in the
form of pinyin. Finally, the students’ sixth-grade teacher read through the texts to check
for non-glossed words that students may struggle with.
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For Chinese DLI students, many of the words in the game are review words from
the in-class lessons and thus the students should be able to recognize a large portion of
the target words orally. However, given the difficulty of recognizing Chinese characters,
it is expected that many of the target words will not be recognized visually when first
starting the game. Thus, when interacting with either a card, item, or skill in the game,
players have the option to request the pinyin of the character (see Figure 2.2). The
English translation is not given for a few reasons. First, and most importantly, English is
not permitted in most DLI classrooms. Secondly, given the visual nature of the game,
images and object representations should be sufficient to provide semantic knowledge for
the characters.
Figure 2.2
Glossing Tool
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Quests
The quests involve a variety of puzzles, pick-up/delivery tasks, and enemy
battling/taming activities. For example, one of the first quests that a player is given (see
Figure 2.3) is to retrieve a sword for a weapon smith. The sword is located in the weapon
smith’s home, which is demarcated with a sign.
Figure 2.3
Sword Retrieval Quest

Players must also solve puzzles that utilize their language skills. For example, in
the puzzle below (see Figure 2.4) students must read the text from a sign that indicates a
sequence of colors and then activate the orbs in the correct order to open a gate.
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Figure 4
Sequencing Quest

In a similar puzzle (see Figure 2.5) the player must match the color of the boulder
with the correct sign to open a gate to the final boss.
Figure 2.5
Matching Quest
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The player completes the quests by interacting with a series of text-based dialogue
that direct the players in the correct direction and completing mini-puzzles or languagebased tasks. These quests were designed to make the text meaningful, and thus promote a
learner’s attention to what is being read (J. Lee & VanPatten, 2003). Finally, when a
player is given a quest, a quest bar at the upper right-hand corner of the screen appears
(see Figure 2.6) with a summary of the quest and important names and items highlighted.
Figure 2.6
Quest Bar

This quest bar was seen as essential, as past experiences with the elementary
classes involved in this study (Poole et al., 2018) indicated that young learners can
become easily distracted and forget the task at hand.
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Battle System
While exploring the game, players must navigate through several baddies spread
throughout the fictional world. Baddies are one of 20 different animals and each baddie
has a special type of attack, strength, weakness and preferred foods. This information can
be found on baddie cards that players collect by either defeating or taming a baddie.
Players can also purchase a subset of baddie cards at a card shop in each of the cities.
These baddies range in difficulty from 1 to 20 with 20 being the most difficult. When
players come into contact with a baddie they have two options: battle or tame. If they
choose to tame a baddie they can do so by giving the baddie it’s preferred food. To battle
a baddie, the player again has two options: attack or summon a helper. All players have a
base attack ability, but the base attack ability is very weak. Even when collecting swords,
armor, and/or rings the players base attack is barely enough to defeat lower-level baddies.
This was a conscious game design choice made to encourage use of baddie cards that
allow players to summon an animal to fight by their side. It is important to note that
players must collect at least five baddie cards before they can learn the skills to summon
a particular animal. Once the skill is learned, they need a card each time they summon an
animal. This was done to encourage the use of different animals. Rather than simply
summon one animal every time, players need to summon different animals as their cards
become available. Further, certain animals’ strengths are better when fighting baddies
with similar weakness. This game mechanic was designed to encourage the students to
read the information on the animals’ cards in order to learn which animals should be
summoned in certain battles. Thus, regardless of whether students engaged in battle or if
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they decided they wanted to tame a baddie, they would need information on the cards.
Supplemental Materials Design
Supplemental materials in the form of a paper-based workbook written in Chinese
were specifically designed to support the learning in the game. The workbook was
designed to promote character recognition, oral discussions around game items and
places, and note-taking in terms of in-game exploits. The workbook provided two to three
language activities for students to complete in addition to playing the game. These
language activities included a character writing task, which asked students to write
commonly seen characters in the game three times. Past research has noted the positive
effects of writing practice on character recognition skills (Guan et al., 2011; Tan et al.,
2005). A second task asked learners to match images to characters to further promote
character recognition skills. Finally, discussion questions asked learners to use the
targeted vocabulary words to discuss features of the game (e.g., Where do you find the
battle cards?), game items (e.g., What sword color does the most damage?), gameplay
strategies (e.g., Which partner animal is best?), and quests (e.g., What quest does Sima
qian give?). The workbook also contained a printed world map that students were
encouraged to keep notes on. The workbooks were collected at the end of the project and
were reviewed based on completion of exercises. Approximately 82% of the students
completed the exercises in the workbook each day.
Teachers’ Role and Classroom Implementation
During the integration of the game into the classroom, the researcher took on the
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role as the primary instructor, and the teacher of the class took on a support role. The
teacher introduced the project to their students, and then the researcher directed students
into groups, provided support while students played the game, and provided an overview
of workbook activities each day. During gameplay sessions, students were divided into
four groups of five students each. Two groups first started working on the activities in the
workbook while the other two groups played the game. After approximately 25 minutes
the groups switched, so all students received 25 minutes of gameplay and 25 minutes of
workbook time. During the first week of the intervention, the researcher provided an
overview of the tasks in the workbook. In the following weeks, students were able to
complete a majority of the assigned workbook tasks without further support. In terms of
gameplay, in the first week, while students were in the tutorial area, the teacher and
researcher both walked around the room, from group to group to provide technical and
basic gameplay support while students played the game. In the following weeks, the
researcher and teacher interacted with students while they played by answering student
questions about the game, asking questions about player progress, providing hints, and
reminding learners of quest tasks as they played.
Research Design
This study took place in a sixth-grade Chinese DLI classroom located in a rural
town in the western U.S. All but four of the students in this class started the Chinese DLI
program in first grade. Of the four who did not, two were native speakers and the other
two had experience with Chinese in previous schools. The teacher was a second-year
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Chinese DLI teacher who had expressed interest in using games in her classroom. I
personally have worked with this particular class in two past projects and thus was
familiar with the students, and likewise they were familiar with me and gameplay in the
classroom. While following this class for the last 5 years, I have noted that they have
strong oral skills, but tend to struggle with recognizing Chinese characters and
subsequently reading comprehension. This is similar to past studies that have noted that
Chinese DLI students’ reading comprehension skills tend to lag behind their peers
studying other languages in similar immersion programs (Burkhauser et al., 2016;
Watzinger‐Tharp et al., 2018).
Participants and Setting
Data were collected in two sixth-grade elementary Chinese DLI classroom
settings. The two classrooms had 19 and 21 students respectively. Stratified
randomization with gender as a factor was used to assign learners to each classroom at
the beginning of the school year. Students ranged in age between 10 and 12 years old
(mean = 11.05). Four students (1 in Class A, 3 in Class B) did not sign the consent form
(see Appendix C). In addition, two students in the Class B did not take the pretest, and
one student in both classes did not take the post test. Thus, although I had consent forms
for 36 students, there was only complete data from 32 students, see Table 2.1.
Sixth-grade learners were chosen for a few reasons. First, for L2 learners to read
and learn from an L2 text, it is suggested that they know about 95% of the vocabulary in
the text (Liu & Nation, 1985). After conducting past studies with the second, third, and
fourth grade classrooms, working extensively with the current sixth-grade classrooms on
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Table 2.1
Students Included in Data Analysis
Class

Nstudents

Survey data

A

20 (10F, 10M)

20 Pre, 19 Post

B

16 (9F, 7M)

14 Pre, 15 Post

Total
36 (18F, 16M)
Note. Only 32 complete cases.

34 Pre, 34 Post

other projects, and talking with the teachers of each grade, a mutual decision was made
(between the teachers and the researcher) that the text difficulty was most suitable for the
sixth-grade classes. Second, the game utilizes pinyin as a means of support for unknown
words. In this particular DLI program, pinyin is not introduced until the third grade.
Third, it was important to include classroom vocabulary within this game. In the first
three grades of the DLI program, Math is the major subject taught in Chinese thus
limiting the vocabulary and subsequently the types of quests that could be used in the
game. The sixth-grade students learn science in Chinese and cover topics that include:
landforms, heredity, magnets, electricity and matter among other topics. Finally, in past
studies with younger learners, there was a large learning curve when introducing new
computer programs. The sixth-grade classrooms in this study had steady computer use
since the third grade and thus computer proficiency was not major a concern.
Recruitment
I have worked with this Chinese DLI program for 5 years. In that time, I have
developed relationships with most of the teachers and the administration. The sixth-grade
teacher expressed an interest in using the game in their classroom.
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In terms of recruiting students, I presented the project in the classroom two weeks
before administering the pretests and explained that although playing the game is a part
of the class curriculum, students do not have to have to participate in the research aspects
of the project (affect surveysetc.). Participants were then given a consent form to take
home to their parents and given one week to sign the form and return it to the classroom.
Participants whose consent forms were lacking either parental or student signature were
allowed to play the game, but their data collected within the game were removed after
gameplay. Furthermore, these students were not given an affect survey. These students
were still given a pre- and post-vocabulary and reading comprehension test per request of
the teacher, but these data were not used for research purposes.
Procedures
On the Friday prior to gameplay, participants completed the paper-based preassessment. In the sixth-grade classroom, there is a 1:1 computer to student ratio.
However, RPG Maker MV games are not compatible with Chromebooks. Thus, the
researcher brought in eleven MacBook laptops to play the game. In order to maintain a
1:1 ratio, the class was divided into four groups of five students each, with a mixture of
high and low proficiency learners as identified by the instructor of the class. Two of the
groups played the game while the other two groups completed the workbook. After 25
minutes, these groups switched.
On the first day of gameplay, the participants were given a brief tutorial on how to
play the game via a whole-class demonstration. The classroom teacher then illustrated
how the game related to their current studies by telling the students that vocabulary in the
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game was primarily comprised of review words and that the game was similar to their
current in-class readings in that they were reading about students who were traveling to
China. Similarly, in the game the students would be going to China and could explore the
same places that the characters in their books were visiting (e.g., Beijing, Xi’an,
Chengdu).
Participants played the game for 50 minutes (two 25-minute sessions) and
completed supplemental materials for 50 minutes (two 25-minute sessions) per week over
the course of a four-week period (once on Monday and once on Wednesday). Participants
played the game for approximately 3 hours over the four weeks. Students were
administered the paper-based post-assessment two days following the final game play
session. Figure 2.7 illustrates the timeline for the study.

Figure 2.7
Research Schedule
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Data Collection and Analysis
Data for the present study came from five sources: pre- and post-vocabulary
assessments, pre- and post-reading comprehension assessment, and audio recordings
during gameplay.
Quantitative Data
Vocabulary Assessment
The pre- and post-vocabulary assessment consisted of 45 words that could be
found in the game. All of the vocabulary words selected were words that could be
checked via the pinyin glossing system. It should be noted that this is not a
comprehensive list of the vocabulary words that could be checked. There were 326 words
that learners could potentially be exposed to via the glossing system while playing the
game. Assessing all vocabulary within the game would not be feasible given the time
constraints associated with the DLI program. Thus, target vocabulary was selected after
discussions with both the teacher and the Chinese native-speaker who helped write the
dialogue. Words that were both deemed important to the overall storyline in the game and
relatively unknown to the students were added to the assessments. On the vocabulary
assessments, learners were presented with the character and then were asked to declare if
(a) they know the word, (b) they think they know the word, or (c) they are just guessing.
Next, learners were prompted to enter the pinyin and the English translation. The
vocabulary assessment can be seen in Appendix A. These assessments were scored by
awarding 1 point for correct pinyin, and 1 point for correct English definitions. Half
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points were awarded for partial answers. For example, if a learner correctly identified the
correct pinyin or English for one of the characters but not both, half points were awarded.
Awarding partial points for vocabulary knowledge was viewed as valuable given past
research that has noted the non-linear trajectory, and partial accumulation of vocabulary
knowledge that occurs through incidental learning while reading L2 texts (Grabe &
Stroller, 2002; Horst, 2005; Pigada & Schmitt, 2006).
Reading Comprehension Assessment
This was adapted from the Youth Chinese Test (YCT) (http://english.hanban.org/
node_8001.htm), which is an official Chinese proficiency assessment developed by the
Confucius Institute and used regularly by the Chinese DLI program that served as the
context for the present study. The reading comprehension assessment consisted of 10
items. See Appendix A for the items. Although the format of the reading comprehension
assessment was adapted to reflect the YCT, the content was adapted to reflect text that
the learners might see in the game. To reduce the priming effect on the reading
comprehension assessments, items were randomized in both the pre- and postassessments. Further, although the sentence structures remained the same, key vocabulary
words, and thus the answers, changed from pre- to post-assessments. For example, one of
the questions first states that bats like to eat fruit and then asks what would a bat like to
eat with three options. On the post test, the question states that wolves like to eat
vegetables and then asks what would a wolf like to eat again with three options.
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Previous Gaming Experience
On the pre-assessment, students were asked two questions about their previous
gaming experience. The first question asks if students play video games at home. The
second question asks how often students play at home with possible answers ranging
from “I have only played a few times in my life” to “Everyday” on a 5-point Likert scale.
Qualitative Data
While students played the game, audio recorders were used to capture in-class
dialogue around the game. Informed consent was not obtained for the teacher of this
class, and so only the support provided by the researcher was analyzed. While the teacher
of the class did engage with students and provide support, it is important to note that the
type of support provided by the teacher and researcher, myself, are different given my
familiarity with the game. I am an avid gamer and I have both taught and conducted
research with games in multiple occasions in other contexts. Further, given that I
designed and built this game, I am very familiar with every quest, map, and trick to the
game. It should also be stated that I view games not as stand-alone learning
environments, but rather as environments that can be leveraged as both highly
contextualized learning moments and for meaningful interactions between students and
teachers. Thus, while I circulated the room looking for students who may need help, I
was also looking for opportunities to discuss in-game exploits and to encourage students
expand on statements that they made around the game. Through conversations with the
teacher throughout this project I shared my beliefs and perspectives about how games
should be used and we engaged in many discussions about when and how to provide
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support. Thus, the teacher did adapt some of my strategies for interacting with and
providing support to students as they played the game.
Finally, it should be noted that some audio was incomprehensible. When this
occurred, a second audio recorder was checked for clarity. However, there were some
researcher-student interactions that were not captured. Table 2.2 provides an overview of
all data collected in this study and how the data were used.
Table 2.2
Data Sources
Data source

Time

Description

Knowledge/skills
Vocabulary assessment

Pre- and
Post-

This measures student knowledge on 45
vocabulary words that are found in the game.

Reading comprehension assessment

Pre- and
Post-

There are 10 reading comprehension
questions that use vocabulary and sentence
structures from the game.

Pre-only

This consists of two questions, one that asks
if the participants play video games and
second that ask how often.

During
intervention

Teacher interactions with students were
recorded during gameplay.

Background
Previous gaming experience

Audio Files
Audio recordings of teacher talk

Data Analysis
Quantitative Data
The first research question investigates whether learning occurred during the
intervention. To answer this question, paired samples t tests were used to compare preand post-vocabulary and reading comprehension scores. Before running t tests, it is
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important to check for significant outliers in the difference between pre- and posttests. In
addition, it is important to check that the difference of pairs follows a normal distribution.
There were no outliers in the difference scores for the reading comprehension
assessments or the vocabulary assessments. The distributions of the difference scores for
both assessments also satisfied the normality assumption as assessed by the Shapiro-Wilk
test (Vocabulary Assessment, p =.149, Reading Comprehension Assessment, p = .223)
and by examining the QQ plots for the difference scores (see Figure 2.8). We used
Cohen’s d, a standardized measure of the differences between the means, to calculate the
effect size. Effect size provides a description of magnitude of the observed effect that is
independent of sample size (Fritz et al. 2012).
Figure 2.8
QQ Plot for Vocabulary Assessment on Left, QQ Plot for Reading Comprehension
Assessment on Right

The second research question investigates whether or not the learning gains are

38
dependent on students’ prior gaming experience. A step-wise linear regression analysis in
R (R Core Team, 2017) was run to determine if prior gaming experience affected
learning gains. To ensure there were no violations of assumptions of normality, linearity,
multicollinearity, and homoscedasticity, preliminary analysis was first conducted and no
violations were identified. For both models, vocabulary and reading scores were used as
the dependent variables. Then, pre-vocabulary and reading comprehension scores were
entered into the model followed by the previous gaming experience variable. An
ANOVA was then used to determine if adding prior gaming experience contributed
significantly to either of the outcome scores.
Qualitative Data
The third research question explores the type of support provided by instructors in
the present study. The researcher of the present study engaged in multiple rounds of
coding of the utterances. First, the researcher did a round of open-coding, where they
looked for patterns, themes, and categories in the data (Saldaña, 2015; Strauss & Corbin,
1998). In the second cycle of coding, the researcher employed axial coding (Patton, 2014;
Strauss & Corbin, 1998), focused on organizing the codes into categories that best
explained the types of supports. This round of coding involved iterative cycles of review
and revision to achieve saturation of categories. At the end of this second cycle, ten codes
were organized into seven categories.
To calculate inter-coder reliability, an additional person, a Native-Chinese
speaker, was trained on the coding procedure and provided with the codes and definitions
(see Table 2.3).
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Table 2.3
Description and Example of Codes
Code

Description

Example

Quest management

Direct learners towards to the next
quest or next part of a quest.

但是你先得把地图还给那个人。
[[But you need to take the map back to this person
first.]]

Battle strategy

Discuss strategies related to winning
a battle.

你不应该用猴子，应该用蝙蝠。[[You shouldn’t’
use the monkey, you should use the bat.]]

Encouragement

Encourages a player to explore the
game or read a text on their own.

这个书很重要，你必须看懂了，才知道下一步是
什么
[[This book is really important, you have to
understand to be able to move on to the next part.]]

Technology

Shows player how to play the game
or helps with a technical problem
related to the game.

你得保存.
[[You must save the game.]]

Confirmation

Confirms a question or belief about
the game.

猪，对，你要抓三只猪。 [[Pig, Right, You need
to catch three.]]

Talk around the
game

Discuss current status of the game,
object in the game, and/or results of
an event in the game.

他马上要赢了。他很快就赢了。 [[He’s going to
win, soon, he’ll win!]]

Linguistic

Helps student read a text or provides
a translation to a word.

战斗，战斗就是打仗。 [[Battle, battle is just like
fighting.]]

After receiving training, the coder was provided with 20% of the utterances to
code. Cohen’s κ =.74, indicating a “moderate” level of agreement (McHugh, 2012). Any
discrepancies between the codes were then discussed between the two coders and applied
to the remaining utterances.
Results
Descriptive Statistics
In terms of learning, the vocabulary assessment had a range of 0 to 90, and the
reading comprehension assessment had a range of 0 to 10. On average, students reported
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a score of 18.31 on the pre-vocabulary assessment, which is approximately 9 out of 45
words (a total of 2 points were given for each word). On the post-vocabulary assessment
students scored an average of 27.95 points or 14 out of 45 words. Neither the prevocabulary nor the post-vocabulary assessment violated assumptions of normality.
Although it should be noted that the pre-vocabulary assessment was more skewed and
kurtotic than the post-assessment. As for the reading comprehension assessment, on
average students scored 3.41 on the pre and 4.72 on the post. Neither of these
assessments violated the assumptions of normality, see Table 2.4.
Table 2.4
Vocabulary and Reading Comprehension Descriptives
Pre
─────────────────────────
Measures

M

SD

α

Skewness

Kurtosis

Post
─────────────────────────
M

SD

α

Skewness

Kurtosis

Vocabulary
(n = 32)

18.31 14.38

.95

1.45

2.20

27.95 17.97

.96

1.14

1.08

Reading
comprehension
(n = 32)

3.41

.74

0.39

-0.98

4.72

.60

0.15

-0.78

2.56

2.43

On the pre-survey, students were asked to report their current gaming practices.
This was seen as important as it may predict who learns from the game. These survey
findings are presented in Figure 2.9 illustrating differences between boys and girls. About
80% of the boys play video games at least once a week or more, while only 47% of girls
in the class reported playing the same amount. Although this is a stark difference, it
should be noted that all students reported playing games.
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Figure 2.9
Game Experience by Gender

Research Questions
Research question 1 asked, “Do students who play the digital game show learning
gains in vocabulary or reading comprehension, as measured by the pre-and-post
assessment?” This research question is concerned with the effect of the game on student
learning. To answer this question, the pre- and post-assessment scores for both the
vocabulary and reading comprehension measures were compared using t tests, see Table
2.5. Students reported significantly higher vocabulary scores on the post-assessment (M =
27.95, SD = 17.97) than on the pre-assessment (M = 18.31, SD = 14.38), which indicates
that learning did occur as a result of the intervention, t(31) = 9.99, p < .001). The effect
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Table 2.5
Learning Measures
Pre
──────────────────

Post
──────────────────

M

Med

SD

n

M

Med

SD

n

t test

Cohen’s
D

18.31

16.00

14.38

32

27.95

23.50

17.97

32

9.99***

0.45

Reading comprehension 3.41
3.00
2.56
32
4.72
4.50
2.43
Note. Vocabulary Scale from 0-90. Reading scale 1-10. Both effect sizes are medium.

32

3.22**

0.54

Measures
Vocabulary

** p < .01.
*** p < .001.

size was .45, a medium effect size for educational interventions such as this one (Cohen,
1988). In other words, after seven 25-minute gaming sessions along with supplemental
workbooks, the students in this sample gained, on average, about 10 points of vocabulary
knowledge. This translates roughly into a five-word increase.
Similarly, students reported significantly higher reading comprehension scores on
the post-assessment (M = 4.72, SD = 2.43) compared to the pre-assessment (M = 3.41, SD
= 2.56), indicating that students’ reading comprehension also increased significantly,
t(31)=3.22, p < .01). The effect size was .54, a medium effect size (Cohen, 1988).
Students in this sample gained, on average, slightly more than 1 point on the reading
comprehension assessment after the intervention.
Research question 2 asked, “Do students who have prior gaming experience see
greater gains in vocabulary or reading comprehension?” To further explore whether or
not prior gaming experience was associated with learning gains, a step-wise linear
regression was run with both reading and vocabulary gains as dependent variables. For
both of these models, pre-assessment scores were first entered into the model and then

43
the prior experience variable was entered in a following model. As Table 2.6 illustrates,
adding prior experience to a model with pre-vocabulary scores did not significantly
account for more variance in reading gains as assessed by ANOVA (p = .583). Prior
gaming experience only added a .007 increase in the total amount of variance in reading
gains accounted for by the model.
Table 2.6
Linear Regression of Prior Gaming Experience on Reading Gains
Independent variables

Reading gains (Model 1)

Reading gains (Model 2)

Pre-reading score

-0.506***

-0.499**

(-0.772, - 0.240)

(-0.769, -0.229)

Prior gaming experience

0.178
(-0.449, 0.804)

Constant

3.036***

2.385

(1.907, 4.164)

(-0.178, 4.948)

Model fit (ChiSq)
Observations
R

2

Adjusted R

2

Residual std. error
F statistic
** p <.01
*** p < 0.001

.583
32

32

0.316

0.323

0.293

0.277

1.939 (df = 30)

1.961 (df = 29)

13.875*** (df = 1; 30)

6.932** (df = 2; 29)

Similarly, Table 2.7 shows that prior gaming experience was also not a significant
predictor of vocabulary gains when controlling for pre-vocabulary scores. Adding prior
gaming experience only increased the total variance accounted for by the model by .001
and was not significant as assessed by ANOVA (p = .817). The implications for these
findings will be further explored in the discussion section.
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Table 2.7
Linear Regression of Prior Gaming Experience on Vocabulary Gains
Independent Variables

Vocabulary Gains (Model 1)

Vocabulary Gains (Model 2)

Pre-reading score

0.209**

0.210**

(0.096, 0.322)

(0.094, 0.325)

Prior gaming experience

-0.125
(-1.626, 1.376)

Constant

5.811***

6.241*

(3.188, 8.435)

(0.433, 12.049)

Model fit (ChiSq)
Observations
R

2

Adjusted R

2

Residual std. error
F statistic
* p <.05.
** p < .01.
*** p < 0.001.

.871
32

32

0.303

0.304

0.280

0.256

4.631 (df = 30)

4.708 (df = 29)

13.070** (df = 1; 30)

6.336** (df = 2; 29)

Research question 3 asked, “What supports, if any, do students need from
instructors when integrating the digital game into the classroom?” The third research
question concerns the types of support that students may need as a result of playing a
digital game for L2 learning purposes in a classroom setting. This question was answered
by analyzing the support given during gameplay sessions by the researcher of this study.
After coding the data, seven types of support were identified during the four weeks of
gameplay. Table 2.8 provides an overview of the frequency and percentages of the
categories identified in this study. A description of the supports and examples are
provided below.
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Table 2.8
Types of Support Provided during Gameplay
Supports

Frequency

%

Quest Management

98

28.1

Battle Strategy

71

20.3

Talk Around Game

70

20.1

Encouragement

53

15.2

Technology Support

53

15.2

Confirmations

23

6.6

Linguistic

13

3.7

Total Utterances
348
Note. Some utterances contained multiple codes and thus
the total utterances do not reflect the total number of codes.

Quest Management
The most frequent type of support provided was in the form of Quest
Management. This support either prompted students to start a quest, directed them to the
next part of a quest, or reminded them of their progress in a quest. This form of support
was either prompted by the student asking what they should do next or by the researcher
when he noticed that a student was struggling. In the example below, a student was
grabbing items from around the starting city and picked up a flower. This student wanted
to know what the flower did.
Student: 它会做什么？ [[What does this do?]]
Researcher: 你问这个人在下面，你问这个人她会告诉你它会做什么. [[Ask
this person down here, you ask this person and she will tell you what it does.]]
The researcher took this opportunity to direct the student towards the start of a quest in
the tutorial. The flower that was being collected by the student was an item that was
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required to complete a quest. In a later example, on day seven, a student was looking for
an important person in one of the quests and was unable to find them. The student asked
the researcher for help finding the person.
Student: 所以我不可以找到这个人 [[So, I can’t find this person]]
Researcher: 他在这个地方 [[He’s in this place.]]
Student: 这儿？ [[Here?]]
Researcher: 对。你得绕过来. [[Right, so you need to go around.]]
In this example, the researcher pointed to a location on the student’s workbook map, and
then drew a path with his finger to illustrate how the student would need to leave the city
and go around the walls to reach the dungeon where the person of interest was located.
Battle Strategy
The second most frequent type of support came in the form of Battle Strategies.
These were instances when the students either wanted to discuss strategies for winning a
battle, or if the student was about to lose a battle and the researcher provided a hint or
insight. For example, when walking by a student, the researcher noticed that the student
was about to lose a battle to a spider that was a much higher level than the student’s
character.
Researcher: 你死了？[[Did you die?]]
Student: Yeah.
Researcher: 他喜欢吃虫子。你有虫子吗？[[He likes to eat bugs. Do you have
bugs?]]
Student: 没有 [[No, I don’t have any.]]
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Researcher：他很厉害，你不应该跟他打 [[He’s strong. You shouldn’t fight
with that one yet.]]
Here the researcher provides a hint that spiders like to eat bugs, so that next time when
the student encounters the spider, she can feed it bugs rather than engage in battle. The
researcher reminds the student that she should fight with lower-level baddies. In another
example, the researcher suggests that a student might want to return to Beijing to pick up
some equipment before they engage in battles.
Researcher: 有可能你要回去北京。买一点东西，买一个宝剑什么的 [[You
might want to go back to Beijing to buy some stuff, buy a sword or something.]]
Talk Around the Game
This category included moments when the researcher was asking about either
current progress or activities that a student was engaging in while playing the game or
comments about the status of the game. Comments about the game include talking about
items that the learners acquired, character levels, or the results of battles (e.g. 你真厉害
[[You’re awesome!]]. For example, on the last day of the study, one student figured out
that purple items were the best items in the game, but this particular student was unable
to find the purple sword. While searching in Chengdu, this student loudly notifies the
researcher that the purple sword is not there.
Student: 他们没有 [[They don’t have it here.]]
Researcher：这个就关门了， 你去西安。 西安应该有。[[That one is closed.
Go to Xi’an. Xi’an should have it.]]
Student：但是他们没有紫色的 [[But they don’t have the purple one.]]
Researcher：是那儿，应该有。对不起，哈尔滨有， 我忘了。 [[It is there,
they should have it. Oh sorry, it’s in Harbin, I forgot.]]
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As the student continues to search for the sword, the researcher starts making suggestions
on where the sword might be and first suggests Xi’an. The student remembered that it
was not there, this prompts the researcher to suggest Harbin.
Encouragement
The Encouragement category occurred when the researcher simply suggested that
the students carefully read a text or explore a part of the game. This happened when the
researcher felt that a particular text was really important. For example, one student was
confused about what she should do next and asked the researcher for help. Upon further
investigation, the researcher discovered that the student had acquired the Dragon book,
which sets up much of the story, but had not opened it. So, the researcher helped the
student open the book and then encouraged her to carefully read what was inside.
Researcher: 所以你现在，你看这，你有龙之书，你要看他，好好看。 [[So
now, you have to read this, you have the Dragon Book, you have to read it.
Carefully read it.]]
In another example, a student was trying to complete a quest that required the student’s
in-game character to locate a small hamster in a dungeon. The student wanted to know
where the hamster was, and the researcher simply told the student to look around.
Researcher: 你找一找吧，你进去看一看。[[You have to search for it. You
should go in (the dungeon) and look around.]]
Technology
The technology code was used to categorize moments when either the student had
a problem with the user interface or a student needed help with the game controls. For
example, in the first few game sessions there were questions about saving the game, how
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to use the cards, access the control menu, how to put equipment on, and how to look up
vocabulary with the glossing system. This led to the researcher showing students how to
restart the game, point out where things were in the menu, or simply telling the student to
use the “control” key to look up an unknown word.
Confirmations
This category includes moments when students wanted confirmation about what
they were doing. For example, one of the quests in the game has students rearrange a set
of tombstones to collect a prize. In the dialogue the word tombstone is glossed, thus
provides pinyin for the student. The student did not know this word before playing, but
given the context of the game, wanted to confirm that the three tombstones in the game
were in fact tombstones. The student first asked his classmates, and then confirmed with
the researcher.
Student: 这个是墓碑？ [[This is a tombstone?]]
Researcher: 是的，这三个都是墓碑 [[Yes, those three are all tombstones.]]
Linguistic Support
The least used type of support is Linguistic support. This came when students had
direct questions about unknown words. These were usually words that were a part of the
game rather than part of the students’ in-class vocabulary. For example, one student
asked what 战斗 [[Battle]] meant, to which the researcher said, 战斗，战斗就是打仗。
[[Battle, battle is the same as fight]]. Similarly, another student wanted to know what 蝎
子 [[scorpion]] was, to which the researcher said, 蝎子是，看，它的尾巴。[[Scorpion
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is, here look, it’s tail is … ]] while mimicking a scorpion’s tail with his hands. The
implications for these types of supports will be discussed in the following section.
Discussion
While the L2 field has seen an increase in studies on games and L2 learning, there
are very few studies that focus on what it means to design and integrate games into L2
classroom instruction. There are even fewer studies that look at L2 games that teach
Chinese in elementary classrooms. In the present study, the researcher first designed a
game to promote Chinese reading comprehension and vocabulary learning in sixth grade
DLI classrooms and then implemented it in a classroom.
The first research question explored whether or not students learned by interacting
with the game and supplemental activities in the classroom. The results indicated that
students had significant gains in vocabulary after participating in the project. On average,
students gained approximately 10 points on the vocabulary knowledge assessment which
roughly translates to five words. While five new words in this study may not seem like a
large gain over the course of four weeks, these were similar to other studies exploring
vocabulary gains in an educational game. For example, Chen and Yang (2013) found a
significant increase in vocabulary knowledge after 1.5 hours of gameplay and notetaking.
The significant difference was equivalent to a gain of two new words. In another
example, Alyaz and Genc (2016) allowed preservice teachers to play an educational
game for the last part of class for 8 weeks. They also reported significant vocabulary
gains equivalent to 5 learned words over the 8-week period. It should be noted that both
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of these studies were working with adult learners of English as a second language.
In addition, students in the present study were only assessed on 45 vocabulary
words. Given that students were exposed to approximately 500 texts on average over the
course of 4 weeks (see Chapter 3), it is likely that they were exposed to many more
words, and may have learned words that were not among the 45 assessed. Additionally,
upon further analysis in Chapter 3, it was determined that five of the words assessed were
only seen by a small portion of the students in the game, thus making it unsurprising that
they were not learned.
Finally, students in the present study were not specifically told to focus on
vocabulary learning as was done in other studies investigating Chinese vocabulary
learning in a virtual environment (e.g., Hsiao et al., 2017; Lan et al., 2015). Thus, the
increases in vocabulary knowledge can be seen as being learned incidentally, or as “a byproduct, not the target, of the main cognitive activity” (Huckin & Coady, 1999, p. 182).
Incidental vocabulary learning that occurs in reading has been argued to be a better
approach for increasing vocabulary knowledge because the words are contextualized in
text and learners have the opportunity to improve reading skills while learning
vocabulary (Huckin & Coady, 1999; Krashen, 2004). However, tracking incidental
vocabulary learning while students read a text can be difficult given that learners often
report gains in partial knowledge of a word (Horst, 2005; Pigada & Schmitt, 2006), much
like in the present study. While research has shown that vocabulary can be increased
incidentally through reading, it must be done through extensive reading (Krashen, 2004).
Contextualizing the vocabulary gains in terms of past research, student exposure to in-
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game text, and the context of the study highlight the challenges of designing an
educational game. On one side, it was seen as important to allow the learner autonomy
and freedom in how they play the game. Autonomy in gameplay has been linked to
enjoyment (K. Kim et al., 2015), further by giving the learner autonomy they are
effectively allowed to explore and experiment with the game, which can lead to
meaningful opportunities to learn. However, by giving the learner autonomy via an openworld design, it becomes difficult to control what text and vocabulary that learners are
exposed to.
In addition to increases in vocabulary, the present study also found significant
increases in reading comprehension scores. On average, students scored approximately
1.3 points higher on the post-assessment than on the pre-assessment and a medium effect
(Cohen’s D) was found for this increase. This is likely due to the sheer amount of
exposure to texts that students had during this intervention. On average, students were
exposed to over 500 texts in seven 25-minute gaming sessions (see Chapter 3). Dourda et
al. (2014) also integrated a game into the classroom context and while they did not
measure reading comprehension on pre- and post-assessments, they did conduct
classroom observations and noted that repeated exposure to large amounts of in-game
texts led students to employ a variety of reading strategies, which improved their reading
skills over the course of the 8-week project.
The second research question explored the effect of prior gaming experience on
learning outcomes. Researchers have suggested that prior gaming experience can help
reduce the cognitive load required of a student when playing an educational game (e.g.
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Hsu & Wang, 2010). In other words, if a student is more focused on manipulating the
basic controls or user interface of a game, they may spend less time engaging with the
game in a meaningful way that benefits learning. This study did not find a significant
relationship between prior gaming experience and learning outcomes. This is an
important finding because we want the use of games in classroom instruction to have a
positive impact on all students and not just those who have prior gaming experience.
However, it should also be noted that a lack of a significant association between prior
gaming experience and learning gains may have been due to the in-class support
provided.
The third research question explored the type of support that students need when
integrating a digital game into a DLI classroom. Researchers have suggested that learners
need some form of support while playing digital games to learn (Cornillie et al., 2012;
Peterson, 2011; Rankin et al., 2006) and more recently there has been a more direct call
for teacher involvement in L2 learning via digital games (deHaan, 2019; Jones, 2020).
The present study addresses these calls by identifying seven types of support that were
either requested or given while students played a digital game in the classroom. These
supports include quest management, battle strategies, talk around the game,
encouragement, technical support, confirmations, and linguistic support. These seven
types of support can be broadly parsed into two categories: supporting literate game users
and language support. Literate game users are players that “are able to recognize the
game’s rules and generate strategies to meet the goal of the game” (Hsu & Wang, 2010,
p. 407). This first category includes Quest Management, Battle Strategies, and Technical
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support. These include helping players follow quest lines, discussions about tactics to be
used in battle, and support in learning the game’s user interface and basic rules. On one
hand, the need for these supports could indicate a lack of gaming experience by the
players. In a review on using games for vocabulary learning, Yudintseva (2015) argues
that players need scaffolding to learn new game mechanics and cultural norms in-games.
On the other hand, for game designers, this need for gaming support could indicate poor
game design that did not allow players to learn on their own through in-game scaffolding.
However, from a classroom perspective, it provided several opportunities for meaningful
discussions around the game. Not captured in this study were the conversations between
peers around the game as well. If games are designed to be stand-alone learning tools, in
which players do not need support, these opportunities for rich L2 interactions will be
lost.
The second category of supports refer to generic L2 supports and includes
encouragement, confirmations, talk around the game, and linguistic supports. The
encouragement support pushed learners to read on their own and focus on important
texts. Confirmations allowed for quick reassurances that a player was on a correct path or
understood a text. Similarly, linguistic supports allowed players to gain quick access
vocabulary knowledge and then to return to the text and in some cases linguistic support
allowed for additional discussion around a word. Finally, the talk around the game
allowed learners and teachers to use the game as a mediator for discussion (Poole et al.,
2019). Teachers were able to point to different parts of the game or the student’s
character in the game and make a simple comment that sometimes led to a further
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discussion. In summary, these supports provided further opportunities for L2 vocabulary,
reading, and oral language learning.
Conclusion and Implications
Research on games in L2 contexts has suggested that learners need support to
develop their language knowledge and skills. However, few studies have explored what
that support might look like in a classroom setting. For digital games to reach their full
potential as an educational tool, it is imperative that researchers continue to explore ways
to integrate them into the classroom and further how teachers can leverage games to
enhance L2 instruction. In the present study, I presented the design of an educational
game and supplemental materials that were created to support Chinese vocabulary
learning and reading comprehension skills. Then I provided in-depth descriptions of how
the game was integrated into the classroom and the role that the instructors provided.
After seven gaming sessions over 4 weeks, learners had significant gains in vocabulary
knowledge and reading comprehension. In the present study, I do not attempt to parse out
the specific role of the game in relation to learning. Instead I argue that it was the
integration of the game into the classroom and its ability to provide an environment rich
in L2 supports that led to learning gains. The types of support that were provided by the
researcher of this study were coded in to seven categories and then more broadly into
gaming literacy and linguistic supports. Future research should explore how teachers,
who may not be gamers or have insider knowledge of the game, provide support when
playing L2 games and how such support leads to learning. Further, studies should explore
how positioning games within a curriculum or leveraging in-game content to reinforce
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content taught outside of the game affects learning. Finally, this study did not explore the
effect of peer-to-peer interactions that occurred during gameplay. Future studies should
explore how digital games in the classroom allow for opportunities to engage in
meaningful discourse around the game.
Limitations
There are several limitations that are associated with this study. First, there were
two primary instructors involved in this study, but support from only one of the
instructors were transcribed and analyzed. Future research should explore how different
teachers working with other games provide in-class support. Second, only audio data was
collected and thus it was difficult to identify specific students associated with each
teacher support utterance. Thus, it may be that certain supports were only provided for
certain student types. For instance, there were several students that never requested help
within the game. Finally, there was no control group in this study, thus the
generalizability of the results is limited and it is unclear how effective this game was in
comparison to traditional L2 instruction. However, given the goals of this dissertation and
the further benefit of being able to collect student data via the game, this was seen as an
acceptable limitation.
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CHAPTER 3
APPLYING EDUCATIONAL DATA MINING TECHNIQUES TO EXPLORE
L2 LEARNING IN A DIGITAL GAME
Abstract
This study explores how educational data mining approaches and data driven
explorations can provide insight into how players interact with a game and how those
interactions relate to learning. In this chapter, the use of learning analytics and
educational data mining approaches in L2 learning research is explored. Then
visualizations techniques, classification and regression tree analyses, and cluster analysis
are used to explore how in-game indicators, such as battling and use of a glossing tool are
associated with learning and affect change. This study found that time on task and use of
the glossing tool were the most important variables in determining learning gains. In
addition, four subgroups of players were identified based on their gameplay styles.
However, no significant differences in learning or affect were found based on the
subgroups identified by the cluster analysis.
Introduction
Research investigating the application of digital games for second language (L2)
learning and teaching have steadily been on the rise over the last 20 years according to
three systematic reviews in that time period (Cornillie et al., 2012; Hung et al., 2018;
Poole & Clarke-Midura, 2020). One of the advantages of doing research with digital
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games is the ability to collect large amounts of data related to gameplay and learning. The
most recent review of digital games being used for L2 learning noted that only 28.5% of
the studies in the review took advantage of log data collected while participants played
the game (Poole & Clarke-Midura, 2020). Many of these studies used log data as a means
to retrieve answers on in-game quizzes (e.g., Erhel & Jamet, 2016; Ming et al., 2013) or
to collect chat dialogue to be analyzed manually (e.g., Bytheway, 2014; Rama et al.,
2012). While these applications of log data are beneficial to researchers, this data could
be further explored using educational data mining (EDM) techniques.
EDM is the process of making sense of large data sets with multiple variables
(Baker & Inventado, 2014) and is often compared to learning analytics (LA) because both
EDM and LA are concerned with using big data sets to investigate, inform, and improve
education and learning. However, Siemens and Baker (2012) highlight a few key
differences between the two research communities. They argue that EDM is more
focused on using automated approaches to discovering patterns within data and then
using human judgement to decide what the patterns mean, while LA uses human
judgement to define patterns and then automated approaches to apply the human-defined
patterns. Further, they argue that EDM approaches are often used to inform the
development of automated learning systems, such as for personalized learning
environments. While LA models are used to inform practice and empower instructors.
Finally, EDM approaches tend to reduce the data to make sense of it, while LA tries to
understand the “systems as wholes” (Siemens & Baker, 2012, p. 253).
In a recent call for a larger focus on EDM and LA approaches in L2 learning,
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Reinders (2018) points out that big data collected from learning management systems is
not only valuable for L2 researchers, but could also inform L2 teacher practices in the
classroom. This commentary identified teachers as an audience and provided several
examples illustrating how big data could be used to identify struggling students or
improve instruction. However, as a recent review on EDM in an L2 context illustrated,
few studies have explored data collected in K-12 settings thus limiting the opportunities
for educators at the primary and secondary level (Bravo-Agapito et al., 2020).
While clearly there are differences between EDM and LA, these differences are
often defined in terms of tendencies, suggesting that there is considerable overlap.
Similarly, for the present study, automated EDM approaches, with reductionist goals, are
applied to data derived from a digital game, but they are done so with the intent of
informing teacher practices with digital games in the classroom and future game
designers. Thus, the present study explores data collected from a digital game that was
integrated into in an elementary classroom context to promote vocabulary acquisition and
reading comprehension skills (see Chapter 2). Specifically, the present study investigates
how in-game behaviors are associated with gameplay styles and learning.
In the sections that follow, I first provide a review of the literature, including a
brief overview of approaches associated with EDM, followed by a review of past studies
that have implemented EDM approaches in an L2 context. I then discuss past research
that has taken advantage of data collected via digital games and the approaches used with
such data. Then I introduce the methods, including a brief description of the game used in
this research. In this section, I review the EDM approaches that were applied in this
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study. The results illustrate how EDM approaches applied to a digital game can provide
insight into how the game promotes learning and further how students play the game in
unique ways. Implications for these findings are explored in the discussion and
conclusion sections.
Literature Review
Educational Data Mining
Educational data mining applies data mining approaches and techniques to data
derived from an educational context. Data mining has been defined as the process of
discovering hidden patterns in big data sets (Fayyad et al., 1996). Further, EDM is
concerned with extracting and processing raw data that is often unstructured from unique
environments to make sense of a learning environment (Romero & Ventura, 2010). To
accomplish these goals, Siemens and Baker (2012) identified five general categories of
approaches applied in EDM: prediction, clustering, relationship mining, discovery with
models, and distillation of data for human judgement. Prediction is concerned with
identifying a variable within a dataset using a combination of other variables. Clustering
attempts to find subgroups within a dataset by grouping cases together based on common
data points. Relationship mining explores types of relationships (e.g., associations,
sequential patterns, causal) between variables within a data set. Romero and Ventura
point out that these first three approaches are common techniques used in data mining,
however the last two (discovery with models and distillation of data) are more uniquely
EDM approaches. In discovery with models, a model is developed from one of the first
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three approaches and then is used as part of another analysis. Finally, distillation of data
for human judgement applies visualization techniques to data to allow for human
inferences and interpretation. In the following section, research that has applied these
approaches to an L2 context are reviewed.
Educational Data Mining in L2 Research
Godwin-Jones (2017) points out that using data derived from digital environments
is not new for L2 researchers, it is the sheer size of datasets that are being produced that
is novel. He argues that this is largely due to increased use of Learning Management
Systems (LMS), personalized learning environments, and the creation of other digital
software for learning. In a study exploring data from an LMS, Foung (2019) used
classification decision trees to develop a model to predict English learners who were atrisk of dropping out of a course. The author created models with approximately 90%
accuracy in detecting at-risk students, which was then argued to benefit teachers and
administrators by providing real-time analytics on learners. Further, without these data,
teachers may not be able to identify these at-risk students until it is too late. In a study
that explored student behavioral patterns in a digital reading environment, H. Lee et al.,
(2019) used clustering approaches to explore unique ways that students interacted with a
textual glossing system. In an earlier study with the same data, the authors found that
students using the glossing system reported the highest post-test scores on average
compared to two other conditions (H. Lee et al., 2017). However, when using cluster
analysis to explore potential hidden patterns in a follow-up study, the authors found that
L2 proficiency was a strong determinant in the effectiveness of the glossing system.
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Finally, in a study that explored how students collaborated in Google Docs, Yim et al.
(2017) used visualization and text mining techniques to identify four styles of
collaborative writing. These styles of collaborative writing were then explored to
determine which collaboration style led to higher quality writing. The visualization and
text mining techniques used in this study allowed the researchers to explore and evaluate
writing processes in an unobtrusive way. In the following section, I review the research
on analyzing data from digital gaming environments, including two studies that applied
EDM approaches to data originating from a digital game.
L2 Gaming Research and Log Data
Data collected in digital games in the past 20 years has been used in a variety of
ways. A majority of the studies examined chat logs to investigate language used within a
gaming environment (e.g., Bytheway, 2014; Peterson, 2011, 2012; Rama et al., 2012;
Rankin et al., 2006; Vosburg, 2017; D. Zheng et al., 2012, 2015). Some studies have
designed quiz-like tasks into games and used the log data to export scores for analysis
(Erhel & Jamet, 2016; Cornillie et al., 2012; Ming et al., 2013).
Other researchers have attempted to use in-game variables, or data, as indicators
for the effect that playing a digital game has on learning outcomes and L2 proficiency.
For example, in a study exploring the effect of time spent on reading a text, Collentine
(2011) found that time spent on task was significantly associated with outcomes on a
writing assessment after playing a digital game designed for second language learners of
Spanish. In a study investigating L2 learning in Everquest II, Rankin et al. (2006) found
that a variable counting the number of messages produced was significantly associated
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with more advanced English speakers. In other words, more advanced speakers generated
more chat messages than intermediate and novice speakers. Using in-game actions as
predictors can be one method of illustrating how a game promotes learning or predicts
proficiency.
A few studies have applied EDM techniques to digital games used in a L2 context
to explore how gameplay behavior is related to affect and learning. For example, Hwang
et al. (2017) used a progressive sequential analysis to compare gameplay sequences by
EFL learners with high and low L2 learning anxiety. They found that learners with higher
levels of anxiety engaged in more complex forms of learning than less anxious students.
They further found that high anxiety learners reviewed more vocabulary and acquired
more relevant knowledge before completing tasks. Hsiao et al. (2017) explored
behavioral patterns around players interacting with new vocabulary words in a virtual
environment. Players were told to learn 30 words while interacting with the environment.
Through data visualization techniques, the authors found differences in learning
strategies between high- and low-achieving learners. They conclude that low-achieving
learners tended to click on vocabulary words randomly or use the nearest neighbor
approach in which they simply clicked on vocabulary words that were close to each
other. Whereas, high-achievers tended to use a strategy to cluster similar vocabulary
words together to facilitate learning. These EDM approaches allow researchers to see
how games are actually being played and further how such gameplay styles are
potentially associated with changes in affect or learning.
The present study looks to build on past research implementing data mining
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techniques in L2 contexts that use digital games. Specifically, the present exploratory
study uses visualization, decision trees, and clustering approaches to explore how ingame variables are associated with learning gains, and further, how playstyles may be
associated with change in learning and/or affect. The present study was guided by the
following research questions.
1. What, if any, in-game variables are associated with change in vocabulary
knowledge and reading comprehension, as measured by the pre- and postassessments?
2. Are in-game playstyles associated with affective factors and/or vocabulary
knowledge and reading comprehension gains, as measured by the pre- and
post- assessments?
Methods
Materials
The digital game being used in the present study (see Chapter 2) was designed to
promote vocabulary learning via an in-game glossing system (Poole & Sung, 2016) and
reading comprehension via series of quests and in-game tasks that are driven by textbased dialogue. In this game, students take on the role of an adventurer who sets out on a
quest to save the last dragon in China. As they carry out quests, students meet non-player
characters (NPC) who provide information, present quests/tasks, and direct students
towards the last dragon (see Figure 3.1). The game world consists of five major Chinese
cities and several fictional villages and dungeons placed in proximity to the cities. The
game world was designed to resemble the shape of China with cities located in their
approximate real-world locations (see Figure 3.2).
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Figure 3.1
Example Quest

Figure 3.2
Over World Map of Legend of the Dragon
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Participants and Setting
Data were collected in two sixth-grade elementary Chinese DLI classroom
settings. The two classrooms had 19 and 21 students respectively. Stratified
randomization with gender as a factor was used to assign learners to each classroom at
the beginning of the school year. Students ranged in age between 10 and 12 years old
(mean = 11.05). Four students (1 in Class A, 3 in Class B) did not sign the consent form.
In addition, two students in Class B did not take the pre-assessments, and one student in
both classes did not take the post-assessments. Thus, although I had consent forms for 36
students, there was only complete data from 32 students (see Table 3.1).
Table 3.1
Students Included in Data Analysis
Class

Nstudents

Survey data

Log data

A

20 (10F, 10M)

20 Pre, 19 Post

20

B

16 (9F, 7M)

14 Pre, 15 Post

16

Total
36 (18F, 16M)
34 Pre, 34 Post
Note. Only 32 complete cases.

36

Procedures
On the Friday prior to gameplay, the pre-assessment was administered with a
randomized version of the vocabulary and reading comprehension assessments via paper.
In the sixth-grade classroom, there is a 1:1 computer to student ratio. However, RPG
Maker MV games are not compatible with Chromebooks. Thus, the researcher brought in
11 MacBook laptops to play the game. In order to maintain a 1:1 ratio, the class was
divided into four groups of five students each, with a mixture of high and low proficiency
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learners as identified by the class instructor. Two of the groups played the game while the
other two groups completed the workbook. After 25 minutes, these groups switched.
On the first day of gameplay, the participants were given a brief tutorial on how to
play the game via a whole class demonstration. The classroom teacher then illustrated
how the game related to their current studies by telling the students that vocabulary in the
game was primarily comprised of review words and that the game was similar to their
current in-class readings in that they were reading about students who were traveling to
China. Similarly, in the game the students would be going to China and could explore the
same places that the characters in their books were visiting (e.g., Beijing, Xi’an,
Chengdu).
Participants played the game for 50 minutes (two 25-minute sessions) and
completed supplemental materials for 50 minutes (two 25-minute sessions) per week over
the course of a 4-week period (once on Monday and once on Wednesday). Participants
played the game for approximately 3 hours over the four weeks. Students were
administered the post-assessment two days following the final game play session. Figure
3 below illustrates the timeline for the study.
Data Collection
Measures
Data for the present study came from four sources: pre- and post-affect surveys,
pre- and post-vocabulary assessments, a post-reading comprehension assessment, and log
files that captured in-game actions, texts read, and choices made.
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Figure 3.3
Research Schedule

Affective survey. The pre-affect survey consists of background information (e.g.,
name, age, gender, and language spoken at home), two questions on gaming background,
and seven items regarding Chinese reading anxiety using an 8-point Likert scale. Reading
anxiety was added to the affect survey as past research indicates that anxiety is often a
factor in reading comprehension for novice learners of Chinese as a second language
(Zhao et al., 2013). Further, L2 anxiety was found to influence in-game behaviors in past
research (Hwang et al., 2017). The items for Chinese reading anxiety were adapted from
Saito et al. (1999). Saito et al. originally had 20 items to assess foreign language reading
anxiety and validated the items with a Cronbach’s alpha of .93 for the scale. The number
of items was reduced to seven items to make the survey as brief as possible. The post
survey consists of the same seven items concerning Chinese reading anxiety, and ten
items about the gaming experience adapted from De Grove et al. (2010). De Grove et al.
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reported a Cronbach’s alpha ranging between .63 and .88 for the gaming experience scale
and includes the following constructs: positive affect, negative affect, challenge,
frustration, and immersion. However, for this study only positive affect, which explores
student enjoyment, and reading anxiety measures were used.
Vocabulary assessment. The pre- and post-vocabulary assessment consisted of
45 words that could be found in the game. Learners were prompted to enter the pinyin
and the English for each vocabulary word presented in character form. The vocabulary
assessments can be seen in Appendix B. These assessments were scored by awarding 1
point for correct pinyin, and 1 point for correct English definitions. Further, half points
were awarded for partial answers. For example, if a learner correctly identified the
correct pinyin or English for one of the characters but not both half points were awarded.
Awarding partial points for vocabulary knowledge was viewed as valuable given past
research that has noted the non-linear trajectory, and partial accumulation of vocabulary
knowledge that occurs through incidental learning while reading L2 texts.
Reading Comprehension Assessment. The external reading comprehension
assessment was adapted from the Chinese YCT test (http://english.hanban.org/node_
8001.htm) which is an official Chinese proficiency assessment developed by the
Confucius Institute and used regularly in the Utah Chinese DLI program. The reading
comprehension assessment consisted of ten items. See Appendix A for the external
reading assessments. Although the format of the reading comprehension assessment was
adapted to reflect the Chinese YCT test, the content was adapted to reflect text that the
learners might see in the game. To reduce the priming effect on the comprehension

70
assessments, items were randomized in both the pre- and post-assessments. Further,
although the sentence structures remained the same, the content, and thus the answers
changed from pre- to post-assessments. Finally, gain scores for both vocabulary learning
and reading comprehension were calculated by subtracting pre-scores from post-scores.
Log Data
Five key variables were collected from the in-game log files: (1) Text exposure
counted the total number of texts that a player was exposed to while playing the game.
(2) Battles counted the total number of battles that player engaged in. (3) Menu-On
counted the total number of times that a player accessed the menu to either look at a skill,
card or item that was acquired. (4) Average time reading was a variable that tracked how
long students spent reading each text in seconds on average. (5) Look up tracked how
many times the players used the glossing system in the game to look up an unknown
word. Table 3.2 provides an overview of data that were collected and used in this study.
Data Analysis
In the present study, the relationship between in-game variables, affective factors,
and learning are explored with educational data mining (EDM) approaches. EDM
involves the use of algorithms from statistical, machine learning, and/or data mining
fields to explore educational data (Romero & Ventura, 2010). In the following section, I
first describe the process for preparing log data. Then I describe how classification and
regression tree (CART) analysis along with clustering analyses were used to explore the
two research questions in this study.
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Table 3.2
Data Collected for this Study
Data Source
Affect

Knowledge/skills

In-game logfiles

Time

Description

Positive affect

Post

This measures student enjoyment while playing
the game.

Reading anxiety

Pre- and
Post-

This measures student anxiety associated with
reading Chinese texts.

Vocabulary
assessment

Pre- and
Post-

This measures student knowledge on 45
vocabulary words that are found in the game.

Reading
comprehension
assessment

Pre- and
Post-

There are 10 reading comprehension questions
that use vocabulary and sentence structures from
the game.

Battles

In-game

This variable is important because it provides
insight into whether players were battling more
or following quests more.

Text exposure

In-game

The number of texts that a player is exposed to
provides insight into how far the player
progressed in the game.

Menu-on

In-game

This a raw account of how many times the menu
was accessed during gameplay.

Time spent reading

In-game

This was a measure of time spent reading text in
seconds. Time was rounded to the nearest
second. This variable can provide insight to how
carefully a text was read on average.

Look up
(vocabulary)

In-game

This counts the number of times a word was
looked up in the text and is important to
determine if a player was focused on
understanding a text.

Log Data Processing
The source of in-game data came from the log files that capture players’ in-game
actions, texts read, and choices made. All players’ movements and choices along with a
timestamp and were saved to a JSON file after each session’s gameplay and then
automatically uploaded to a Mongo Database each time a player saved the game. After
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the study was completed, all JSON files were pulled from the Mongo Database and
stored into one master JSON file (see Appendix E for sample Log Data in JSON format).
This file was then wrangled into a single data frame using primarily tidyverse (Wickham,
2017). To extract this data and wrangle it into a data frame, the knowledge discovery in
databases (KDD) process was used. Knowledge discovery refers to the “nontrivial
extraction of implicit, previously unknown, and potentially useful information from data”
(Frawley et al., 1992, p. 58). This is an iterative process that involves five broad phases:
selection, pre-processing, transformation, data mining, and finally interpretation/
evaluation (Fayyad et al. 1996).
The selection phase refers to the process of identifying data of interest based on
the target domain. In the case of this study, a JavaScript plugin was adapted and added by
the researcher to the digital game to track in-game actions with timestamps. The preprocessing phase refers to data cleaning and removing missing or irrelevant items from
the dataset. In this study, the pre-processing phase was primarily focused on wrangling
the data into a wide format rather than a long format. In other words, when the data was
collected, every action was stored in a separate row and thus responses to questions were
spread across three rows making it difficult to associate a text with a student response.
Further, there were several actions captured, such as every movement change and moving
between maps that needed to be removed. Before these actions were removed, there were
approximately 520,812 cases. It was at this point that the time variable had to be
captured, because after removing the time stamps associated with moving it would be
impossible to know if time between texts was a result of moving or reading the text. After
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capturing the time variables for text being read, these movement variables were removed,
and then the data was collapsed into a wide format to accommodate as much information
around the texts as possible. After this stage there were 19,781 cases remaining. This data
set was then summarized by learner and used for the analyses in this paper. The
transformation phase refers to the process of transforming data into variables that are
appropriate for analysis. This included calculating a time variable for each text by
subtracting the time from the action that preceded a text event from the start of the text
event, as mentioned above. This phase also included calculating the length of texts read
and converting the glossing tool event into a binary variable. Finally, the last two phases,
data mining phase and interpretation phases are concerned with choosing data analysis
techniques and then interpreting them. These will be discussed further in the analysis
section below.
Classification and Regression Tree Analysis
The first research question explores which in-game variables are important
indicators for L2 learning. The analysis used to answer this first question is a
classification and regression tree (CART) analysis. The CART analysis is an approach
often used in data mining or machine learning. It involves a type of supervised learning
because the outcome variable is first identified and then a decision tree is created to select
the most relevant variables. This analysis uses an algorithm that chooses variables that
will reduce the sum of squared errors in a regression model each time a partition is made
(a variable is selected). When the outcome variable is a discrete, a categorical variable,
the decision tree is called a classification tree and when a continuous variable is used it is
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called a regression tree. When used for predictive purposes, these analyses often apply a
random forest approach in which several decision trees are created to improve the
accuracy of predictions (M. Hong, 2018). Variables that have little or no effect on the
outcome variable will not be selected by the algorithm in the analysis. This makes the
CART analysis ideal for data exploration that seeks to understand which variables are
most important indicators of a target variable (Kazemitabar et al., 2017; Song & Lu,
2015). In the present study, CART analysis will be used to identify variables that are
deemed important to learning within the game. For these analyses, learning is defined as
gains in vocabulary knowledge and reading comprehension scores as measured by the
pre- and post-assessments.
CART analysis is an ideal approach for the data collected in the present study for
a few reasons. First, data within the game is comprised of both categorical and
continuous variables. Second, variables from in-game data are on very different scales
and are likely not normally distributed. Finally, given the autonomy that students are
allotted within the game and the vast number of ways through which the game can be
played, there is a lot of missing data. In other words, some students may have been
exposed to 700 passages and read them at quick speeds, while other students only read
approximately 300 passages but more carefully. CART analysis can handle both
categorical and continuous data; it is also good at dealing with outliers and missing data
making it ideal for log data which can be messy (M. Hong, 2018; Mendez et al., 2008;
Song & Lu, 2015).
The first step in setting up a CART analysis is to identify the outcome variable. In
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the present study, the two outcome variables were vocabulary learning gains and reading
comprehension gains. The next step is to enter variables that are seen as relevant to the
outcome variable. Table 3.3 explains the five variables, collected via log data, that were
entered into the model in the present study.
Table 3.3
Variables used in CART Analysis
Variable

Description

Text

The total number of texts read by a student.

Menu On

The total number of times a student accessed the menu.

Battle Start

The total number of times a student engaged in battle.

AvTime

The average amount of time a learner spent reading a passage in the game. Measured
in seconds.

LookUpCount

The total number of times that a learner looked up a word while playing.

The algorithm then cycles through the predictors and chooses the predictor that
will best parse the selected outcome, and the cutoff point for that variable that best
reduces the sum of squared errors. The goal of this analysis is to create the most similar
groups according to the outcome variable. This process is repeated over and over again
until the minimum sum of squared errors is reached. This process is called recursive
partitioning. The cutoff point is called the complexity parameter and controls how large
the tree grows (Song & Lu, 2015). A cutoff point of .01 is often the default. This would
dictate that once the splitting of the outcome variables fails to reduce the sum of squared
errors by at least .01, then the model stops. The goal is to find a model that is not too
complex (i.e., overfit) nor too simple. To determine the ideal complexity parameter, a
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series of trees are built from the smallest tree to the largest tree, then the cross-validated
error for each tree is examined (Therneau & Atkinson, 1997). Once the cross-validated
error begins to increase (instead of decrease) as a result of adding a split, the decision tree
should stop building (Williams, 2011). Thus, the goal is to identify the lowest crossvalidated error and the complexity parameter that is associated with the lowest crossvalidated error. In the present study, a complexity parameter of 0.06 was chosen for the
vocabulary learning gains CART analysis, based on examining cross-validated errors
from the default model. A complexity parameter of 0.11 was used for the reading
comprehension gains CART analysis by examining the cross-validated errors from the
default model. All analyses were conducted in R, using the Rpart package (Therneau &
Atkinson, 2019). This analysis will be discussed in further detail below in the results
section, which is where the CART analysis visuals can be found
Cluster Analysis
The second research question explores in-game behaviors and their potential
relationship to learning and proficiency in an unsupervised cluster analysis. Cluster
analysis can be used for data exploration or to test hypothesis about data structures
(Huberty et al., 2005). The present study applies cluster analysis as an exploratory
approach to student gameplay data. Cluster analysis is useful for exploring groups within
a set of participants who share similar characteristics (Warschauer et al., 2019). Further,
cluster analysis is useful to explore potential patterns or groupings that are not easily seen
from other analytic approaches. In the present study, participants who have similar
gameplay styles are explored. More specifically, this approach is used to identify distinct
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in-game behaviors, such as time spent on text, the amount of battles engaged in, and the
use of the glossing tool, that may be associated with vocabulary gains and affective
factors related to L2 learning, namely reading anxiety and game enjoyment.
In the present study, I employ a K-means cluster analysis. All variables were
normalized before beginning the analysis to prevent any inflated differences due to
differences in scales. Formann (1984) suggests that the minimal sample size for cluster
analyses is no less than 2^k, in which k refers to the number of variables included in the
analysis. The preferred amount would be 5*2^k. Thus, for this project, with only 36
students who have complete gameplay log data, five variables (2^5=32) is the maximum
number of variables that should be used, with less variables being more ideal. With this
in mind, variable selection must be strategic. Four of the variables from Table 3 that were
shown to be important in the CART analysis were added to the cluster analysis including:
the number of look ups, average time spent on reading the text, total number of battles
engaged in, and the total of number of texts read.
The next decision to make when doing a cluster analysis is the algorithm to use.
K-means algorithm is a type of centroid clustering that searches for center points of
clusters in a way that minimizes the distance of each member of each cluster. K-means
clustering also involves indicating how distance is measured (Attewell, Monaghan, &
Kwong, 2015). When using a k-means approach, the number of clusters k must first be
identified. One approach is to simply try a different number of defined clusters and then
using a cluster plot and a silhouette plot, compare which number of clusters bests divides
the data into meaningful groups. However, the elbow method can also be run to
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determine the optimal number of clusters. In the present study, Figure 3.4 (left) illustrates
the total sum of squares that is accounted for by each number of clusters. The point at
which the line begins to level out is when adding more clusters no longer increases the
sum of squares accounted for by the analysis. Thus, in this figure, either 3 or 4 clusters
appears to be ideal. Figure 3.4 (right) provides a similar analysis, but uses the average
silhouette width, which is the measure of how similar an item is to its cluster. Thus, the
higher the average similarity score for each item in a cluster the better. After four
clusters, the average silhouette score begins to drop suggesting that a 4-cluster solution is
the most ideal.
To further validate the use of 4 clusters in this analysis, Figure 3.5 shows the
cluster silhouette plot. The silhouette analysis can be used to explore how far away
clusters are to neighboring clusters and has a range from +1 to -1. Each bar represents a
Figure 3.4
Elbow Method and Silhouette Width
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Figure 3.5
Silhouette Plot

student’s similarity to their cluster. The dotted line shows the average silhouette score,
while any values that are near or below 0 are thought to be students who are close to
another cluster. Ideally, none of the clusters will have all of the individual silhouette
scores below the average silhouette score, which is the case in Figure 3.5. In this plot, no
students were identified as being misplaced, though cluster 1 has one student who is close
to 0. In addition, there is an average silhouette width of 0.45, which is the average
similarity for all items belonging to a cluster (Rousseeuw, 1987). Thus, this measure can
be used to compare clusters. The plot with 3 clusters had 5 misplaced students and an
average silhouette width of .26 suggesting that four clusters is better for this analysis
(Kassambara, 2017).
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After the clusters were identified, a unique identifier was assigned to each cluster
and descriptive statistics were run for each group to identify what makes them unique.
Further, linear regressions were used to explore if these groups differed significantly in
terms of change in learning or affect. These findings will be discussed in the results
section.
Results
In the present study, EDM techniques were applied to explore how gameplay
relates to learning gains, anxiety, and game enjoyment. To provide context for the results,
a table with the learning gains and student affective scores will first be presented. Then
two visualizations that illustrate student exposure to vocabulary and average length of
texts will be used to provide an overview of student opportunities to engage with in-game
dialogue. Finally, a correlation matrix will be used to show how in-game actions are
correlated with learning gains.
Learning and Affective Outcomes
Results of the pre- and post-assessments indicate that students who participated in
the project had significant gains in vocabulary and reading comprehension. On average,
students reported an 9.64 increase in vocabulary knowledge and 1.31 increase in reading
comprehension scores (see Chapter 2 for more details). The positive experience
construct, a measure of students’ enjoyment of the game, found that, on average, students
agreed that the game was fun (M = 6.82, SD = 1.27). Learners on average reported a 0.21
decrease in reading anxiety after the intervention, but this decrease was not significant.
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Table 3.4 provides summary statistics, t-test results, effect size calculations, and
Cronbach’s alphas of the measures collected both pre- and post-intervention.
Table 3.4
Measures Used in Analysis
Pre
──────────────────

Post
──────────────────

M

Med

SD

A

M

Med

SD

A

t test

Cohen’s
D

Vocabulary
(n = 32)

18.31

16.00

14.38

.95

27.95

23.50

17.97

.96

9.99***

0.45

Reading comprehension
(n = 32)

3.41

3.00

2.56

.74

4.72

4.50

2.43

.60

3.22**

0.54

Positive experience
(n = 34)

NA

NA

NA

6.82

7.0

1.27

.74

NA

NA

Measures

Reading anxiety
4.27
4.21
1.27
.65
4.06
4.29
1.28
.72
1.31
NA
(n = 32)
Note. Vocabulary Scale from 0-90. Reading scale 1-10. Both effect sizes are medium. Reading anxiety and positive
experience are on an 8-point Likert scale. There is no effect size for reading anxiety because the difference was not
significant.
** p < .01.
*** p < .001.

Overview of Text, Vocabulary and
In-Game Actions
The goal of the present study is to employ data mining approaches to explore if
gameplay behavior or styles are associated with L2 proficiency or learning outcomes.
Table 3.5 provides summary statistics of the in-game actions and time spent on text. For
the total data set, all students read 19,781 texts with each student averaging
approximately 549.5 texts over seven gaming sessions. The average text length was 9.53
characters. On average, students accessed the menu 52 times during gameplay, engaged
in battle 19 times, and looked up 37 words.
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Table 3.5
Counts of In-Game Actions
Variable
Text
Menu On

Total

Mean

Min

Max

19,781

549.5

190

903

156.27

SD

1907

52.77

27

98

18.68

Battle Start

686

19.11

1

55

10.03

AvTime (in seconds)

NA

2.83

1,295

37.27

LookUpCount

1.66
0

4.57
137

0.78
35.46

In addition to providing an overview of in-game actions, it’s also important to
further explore what vocabulary words the learners were exposed to and consequently
what vocabulary words were learned. Figure 3.6 shows each of the vocabulary words that
appeared on the pre- and post-vocabulary assessment.
Each of the black and gray dots represent individual students (girls and boys
respectively). Dots on the left (0.0) represent students who either knew the word on the
pre-assessment or who did not know the word and failed to learn it after the intervention.
Dots on the right (1.0) represent those who learned at least partial knowledge of a word
after the intervention. It’s important to note that some words (e.g., boring) only have one
or two dots. This is because these words were only encountered by one or two students.
Open-world games allow for students to choose their path and how they play the game.
However, because students will explore different parts of the game, and thus, be exposed
to different dialogue, all students will be exposed to different vocabulary and different
amounts of vocabulary when they play the game.
The next visualization (see Figure 3.7) shows the number of texts and lengths of
text that each student was exposed to. While the frequencies differ slightly, every student

Vocabulary Learned by Word

Figure 3.6
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Text Length and Frequency by Student

Figure 3.7
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was exposed to a majority of texts that range between 5 and 25 characters long. There
were a few students who were exposed to texts in the 30+ character range, but these texts
were not frequent occasions.
Finally, a correlation matrix was created to illustrate how in-game actions were
correlated with each other and learning gains associated with gameplay. Figure 3.8 shows
that none of the in-game measures are directly correlated with learning gains found on the
pre- and post-assessment. However, the number of texts read is significantly correlated
with battles engaged in and average reading time. In other words, students who engage in
more battles are associated with higher exposure to texts. Further, students that read more
texts are associated with lower average reading times. This overview was meant to
provide some context for the results of the two research questions.
Research Questions
Research question 1 asked, “What, if any, in-game variables are associated with
change in vocabulary knowledge and reading comprehension, as measured by the prepost assessments?” In order to answer this research question, I first used CART analysis
to explore variables that were potentially important for predicting reading gains. Figure
3.9 shows the results of this analysis. The first node shows that for 31 students, there was
an average reading gain of 1.1 points per student. The first variable that splits how
students performed on the reading gains assessment is Menu On. This variable
determines how many times a player opened their menu. Players who did this more than
30 times (n = 28) had an average reading gain of 1.4, compared to those who accessed the
menu less than 30 times (n = 3) and had an average 1.7 decrease in reading scores.

Correlation Matrix of Learning Gains and In-Game

Figure 3.8
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Figure 3.9
Reading Gains CART Analysis

Although this split is first, it should be interpreted conservatively given that only three
students were in the less-than-30 node. The second split is on AvTime. This variable
indicates the average amount of time spent reading a text. Students who spent on average
more than 2.5 seconds reading a text (n = 17) reported on average a 2.1 gain on their
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reading scores, compared to those who spent less than 2.5 seconds (N = 11) who reported
only an average of .41 increase on their reading scores. LookUpCount, which is the
number of times a student used the glossing tool, was used to split the last two nodes.
Interestingly, those students spent more than 2.5 seconds on average reading a text and
used the glossing tool less than 72 times, but more than 35 times (N = 5) reported an
average gain of 4.4 points on the reading assessment. This suggests that students who
used the menu options, spent longer time reading the text, and used the glossing function
reported higher reading gains. Note that in order to build this decision tree, I first
removed one student whose high reading gains were strongly influencing the decision
tree. The analysis required a minimum of 2 splits, and was set to continue splitting each
node as long as it produced an R change of at least 0.10. Given the small N in this study,
this analysis was primarily concerned with identifying variables that were important for
gains in Reading Comprehension.
The next CART analysis explores variables that are associated with vocabulary
gains (see Figure 3.10). In this analysis, AvTime, or the average amount of time is used to
determine most of the splits, with the LookUpCount variable deciding one split. While
vocabulary gains are reported for groups in all final nodes, those who spent longer average
times reading the text reported higher vocabulary gains. Similarly, those who used the
glossing tool (N = 8) reported higher vocabulary gains on average (M = 14).
Because these vocabulary gains were primarily split depending on the variable
AvTime, this variable was removed and another CART Analysis was created to explore
other potential in-game indicators that were important for vocabulary learning. In this

89
Figure 3.10
Vocabulary Gains CART Analysis

second CART Analysis for vocabulary gains, with average time being removed, the tree
was first split based on Texts read (see Figure 3.11). Those who were exposed to less than
658 texts (N = 23) reported an average gain of 11 points on the vocabulary assessments.
Those who were exposed to more than 658 texts (N = 9) only reported an average of 6.7point increase on the vocabulary assessments. Those who read fewer texts but engaged in
more than 16 battles (N = 11), reported an average gain of 13 points on the vocabulary
assessments. Finally, in two separate splits with LookUpCount, those who used the
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glossing tool had higher average gains on the vocabulary assessment than those who did
not. In these two CART analyses, no cases were removed. The analyses required a
minimum of 2 splits, and were set to continue splitting each node as long as it produced
an R change of at least .06. For vocabulary gains, average time, the glossing function, the
number of texts and battles appeared to be important.
Figure 3.11
Vocabulary Gains Decision Tree Without Average Time
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Research question 2 asked, “Are in-game playstyles associated with affective
factors and/or vocabulary knowledge and reading comprehension gains, as measured by
the pre-post assessments?” To answer the second research question, I conducted a cluster
analysis using four variables: time, look up, texts, and number of battles. These four
variables were selected because they appeared in the decision trees which suggest their
importance in relation to vocabulary knowledge and reading comprehension gains and
because they are associated with gameplay styles. For instance, during the intervention it
was noticed that some players carefully read every text, while other players tended to
battle more, thus battle_start was deemed important as an indicator for gameplay style.
Table 3.6 shows the four clusters that were identified as a result of the analysis.
Before describing the unique aspects of each group in further detail, it is important to
note that boys and girls were distributed evenly across all four groups, see Table 3.7.
Also of note is the distribution of cluster by class, see Table 3.8. This is important
because the Battle Group consisted almost completely of students from Class A, which
may suggest that battling was a focus of Class A and also that playstyle was associated
with the classroom environment and culture.
Table 3.6
Cluster Group Averages
Average time
Cluster group
n
(seconds)
Battle group
12 2.32 (-0.65)
Not interested
9 2.37 (-0.59)
Close reading
10
3.94(1.40)
Vocabulary check
5 2.71(-0.16)
Total
36 2.83
Note. Parentheses are standardized scores.

Average number
of look up
21.91 (-0.43)
18.44(-0.54)
38.7 (0.04)
105.20 (1.94)
37.27

Average number
of texts
677.5 (0.82)
465.55(-0.54)
434.1 (-0.74)
624.00 (0.47)
549.47

Average number
of battles
29 (0.98)
11.89(-0.72)
14.2 (-0.49)
17.80 (-0.13)
19.1
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Table 3.7
Cluster Group by Gender
Cluster

Boys

Girls

Total

Battle group

5

7

12

Not interested

5

4

9

Close reading

5

5

10

Vocabulary check

2

3

5

17

18

36

Class A

Class B

Total

Table 3.8
Cluster Group by Class
Cluster
Battle group

Total

11

1

12

Not interested

3

6

9

Close reading

3

7

10

Vocabulary check

3

2

5

20

15

36

Total

The Battle Group contains 12 students and had the largest average number of
texts as well as battles. This group of students also had the lowest average reading times
and the lowest number of words looked up while reading. This group is given the name
of Battle Group because these players likely preferred the battle aspect of the game.
Table 3.9 shows that this group had the highest average scores on the positive
experience construct, suggesting that this group enjoyed the game more than others. They
also had higher reading gains than two of the other three groups. The Not Interested
cluster contains nine people. This group had the second lowest average read time and
number of look ups, but the number of battles and texts read are also comparatively low
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suggesting that this group did not engage with the text or the battles as much as the other
groups. Table 3.9 shows that this group started with the highest anxiety scores on
average, and the lowest vocabulary knowledge and reading comprehension scores, which
may suggest that this group did not engage with the game as much because it was
perceived as being too difficult. However, this group reported a relatively high score on
the positive experience construct and vocabulary knowledge gains. Though it should be
noted that with the lowest vocabulary knowledge average to start with, this group had
more room to grow. Also, noteworthy is that this group had the lowest reading gains and
also started with the lowest reading proficiency.
Table 3.9
Affect and Knowledge Score Averages by Groups
Pre-reading
Pre-vocabulary comprehension
──────── ────────
Cluster groups

Pre-reading
anxiety
────────

Vocabulary
gains
────────

Reading gains
────────

Positive
experience
────────

M

SD

M

SD

M

SD

M

SD

M

SD

M

SD

Battle group

17.83

14.30

3.50

2.75

4.14

1.64

8.63

5.73

1.41

2.97

7.25

0.81

Close reading

16.94

11.15

3.40

1.92

4.30

0.92

11.33

5.37

1.44

2.01

6.35

1.67

Not interested

15.31

21.36

2.63

3.20

4.67

0.83

9.08

5.42

0.43

2.48

6.64

1.41

Vocab check

20.60

9.19

3.20

2.49

4.11

1.44

9.70

6.02

1.00

1.00

7.00

0.94

The Close Reading cluster contained 10 students. This group spent the highest
average amount of time on reading, almost two standard deviations more than the class
average. This group also had almost twice as many vocabulary word look ups on average
than those in Battle and Not-Interested Groups. Given that this group spent more time
reading the texts, it makes sense that this group read fewer texts, on average, and engaged
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in fewer battles, on average, than the other three groups. Table 3.9 shows that this group
had the lowest positive experience score on average, but their average was still over six
out of eight. This group had the highest reading gains and vocabulary gains, on average,
despite starting off with the highest reading comprehension scores, on average and the
second highest vocabulary knowledge scores, on average.
Finally, the Vocabulary Check group had five students. This group looked up
vocabulary words, on average, almost two standard deviations more than the entire group
average. This group had the second highest average amount of time spent on text, and
number of texts read. Given that this group not only spent a good portion of time reading
the text and looking up words, but also was exposed to large amount of texts, this
suggests that this group progressed far into the game by completing quests which require
more reading. Further, given that this group had the highest pre-vocabulary knowledge
average and the second highest pre-reading comprehension average, it would suggest that
this group was full of high proficiency students.
After identifying the clusters, I then explored differences between the clusters on
the outcome variables: positive experience, change in anxiety, vocabulary gains, and
reading gains. I conducted four separate linear regressions to explore differences in
learning and affect between the four groups identified in the cluster analysis. For the
vocabulary, reading, and anxiety gains, prescores were entered into the model to control
for ceiling effects. There was no prescore for positive experience so this was not entered
into the model. No significant differences between these groups were found (see Table
3.10). The results of research question 2 illustrate how groups of students engaged with
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the game in different ways. Much like one would expect, some students focused on the
fun aspects of the game, while other students were more interested in the story or reading
texts, and others were simply completing a task. The implications of these findings will
be further explored in the discussion and conclusions section.
Table 3.10
Linear Regressions Comparing Outcomes by Cluster
Independent
variables
Pre-vocabulary

Vocabulary gains
regression coefficients
(confidence intervals)

Reading gains
regression coefficients
(confidence intervals)

Anxiety change
regression coefficients
(confidence intervals)

Positive experience
regression coefficients
(confidence intervals)

0.214**
(0.098, 0.329)

Pre-reading
comprehension

-0.522**
(-0.801, -0.243)

Pre-reading anxiety

-0.241
(-0.479, -0.002)

Close reading cluster

2.898
(-1.154, 6.951)

0.173
(-1.569, 1.915)

0.272
(-0.466, 1.010)

-0.900
(-1.963, 0.163)

Not interested cluster

0.120
(-4.477, 4.717)

-0.598
(-2.580, 1.384)

-0.379
(-1.222, 0.463)

-0.607
(-1.788, 0.574)

Vocabulary check cluster

0.484
(-4.417, 5.385)

-0.573
(-2.676, 1.529)

-0.500
(-1.389, 0.390)

-0.250
(-1.571, 1.071)

Constant

4.814**
(1.459, 8.170)

3.243***
(1.742, 4.743)

0.889
(-0.212, 1.990)

7.250***
(6.533, 7.967)

32

32

32

34

0.358

0.336

0.223

0.091

0.262

0.238

0.108

-0.0001

4.688 (df = 27)

2.014 (df = 27)

0.853 (df = 27)

1.267 (df = 30)

3.758* (df = 4; 27)

3.415* (df = 4; 27)

1.936 (df = 4; 27)

0.999 (df = 3; 30)

Observations
R

2

Adjusted R2
Residual std. Error
F statistic

Note. Battle group cluster is reference group.
**

p < .01

***

p < 0.001.
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Discussion
Past studies on games and L2 learning have explored how high and low
proficiency students engage with a game (e.g., Rankin et al., 2006, how different game
styles relate to learning (e.g., Collentine, 2011), and how gameplay is related to affect
(e.g., Hwang et al., 2017). More research is needed in this area to not only explore how
players engage with digital games in unique ways, but also how such data may inform
classroom practices. In the present study, I explored gameplay patterns and types of
actions that students engaged in (e.g., reading, battling) and how they were related to the
learning and affect outcomes.
In the present study, CART analyses were used to identify variables that were
important to both vocabulary learning and reading comprehension. In both analyses, the
average amount of time that a student spent reading the text and the amount of times that
the glossing tool was used were important variables in accounting for variance in learning
gains. The average time that a student engages with a text makes sense as an important
variable for a few reasons. First, it should be noted that interpreting the impact of time on
text without considering the amount of texts being read is difficult. This is because some
students may have been exposed to many texts because they were picking up a lot of
items (e.g., these have a short, two-character text identifying the item) or they were
skipping many texts. If the students took their time to read each of the texts, it’s likely
that their learning comprehension would increase, but these students are also likely to
report being exposed to fewer texts. In addition, spending more time on the text allows
for a better chance of vocabulary being processed and acquired. The glossing tools as
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important indicators also makes sense as this is a tool that can be used voluntarily. Thus,
when this tool is used, at some level, it can be deduced that the learner is purposefully
lending more cognitive effort towards understanding the text. Finally, the effect of
reading time on both vocabulary and reading gains is similar to the findings in
Collentine’s (2011) study in which reading time was significantly associated with
syntactical complexity on a post-writing assignment.
The CART analysis of the reading scores also found that students engaging with
options in the menu interface contributed to some variance in learning. These were
moments when students accessed the menu to use or view an item and/or to explore the
skills that were available to them. These likely led to some learning gains because each of
these interfaces provided further linguistic support for in-game vocabulary and allowed
for more exposure to text. For instance, in the menu, students can check a skill card that
has a picture of the animal that can be summoned along with the pinyin for the animal.
Further, these skill cards have icons for the items that the animals like and for the special
skills that the animals possess. In terms of vocabulary learning, the amount of texts was
also viewed as an important variable in a second, follow-up decision tree analysis.
Interestingly, those who were exposed to fewer texts had higher, on average, vocabulary
gains. Again, this is likely because those who were reading fewer texts, were also
spending more time reading those texts and subsequently looking up words within the
text.
To answer the second research question, I used a cluster analysis to group players
into four groups that had unique playing styles. The first group was the Battle Group.

98
This group was unique because they had significantly more battles than other groups and
more text exposure. This group also had the lowest average reading times suggesting that
this group was largely interested in battling and picking up items. For many students in
the class, battling was the best part of the game. As seen in Chapter 2, some students
engaged in discussions with the researcher about how to defeat baddies. This group
reported the highest average of game enjoyment and lowest average of prereading anxiety
scores compared to other groups. This group also had the largest membership (N = 12).
The second group identified is the Close Reading. This group had the longest
average reading times and the lowest average number of texts. This group appears to be
the group that was more interested in the story. Unlike the Battle Group, the Close
Reading group may not have been as interested in fighting. It is also possible that this
group was more interested in using the game as a learning tool rather than as
entertainment. This group reported the highest averages in both reading and vocabulary
gains, though the lowest average on the positive experience construct. This group also
reported the second highest vocabulary look up count.
The next group is the Vocabulary Check group. This group had the highest
average of vocabulary word look ups, and was only comprised of 5 members. This group
also had the highest pre-vocabulary scores on average. This is similar to earlier studies on
glossing tools which found that students with higher proficiency levels used the tool more
(H. Lee et al., 2019; Poole & Sung, 2016). This could also be explained by Hsiao et al.
(2017) in which they explored patterns in how learners explored a virtual world. They
noted that students with higher L2 proficiencies were more purposeful in the types of
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vocabulary words that they clicked on to learn.
The last group was deemed the Not Interested group. The three aforementioned
groups all had an area in which they excelled or set them apart from the other groups. For
example, the three other groups may have enjoyed the game because they got to battle,
they found the story interesting, or they learned vocabulary. The Not Interested group had
the second shortest reading time average suggesting that they did not engage in the
reading. They also reported the second lowest look up average and text exposure average.
This again suggests that they did not engage in reading the text as much as their other
classmates. While they did engage in more battles than groups three and four, they battled
less than half as much as the battle group. It could be that these students had low reading
comprehension and therefore had trouble accessing the content or meaning in the game.
After further analysis of this group, three of the students were those who missed at least
two days of the study, two other students were identified as having technical difficulties
at the beginning of the project. These are not trivial items and are real issues that
educators have to deal with when integrating games into the classroom. It suggests that
technical issues can affect learning and how students engage with the game.
Finally, differences between these group in terms of learning and affect were not
significantly different. This may have been due to a lack of power, but if not, this is a
positive finding in that it suggests that players, regardless of playstyle, learned
vocabulary and improved their reading as a result of the intervention. In other words, the
game Legend of the Dragon allowed students to play and learn in their own way. This
highlights an advantage of open-ended games. Unlike other games with controlled, linear
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progression from level-to-level, Legend of the Dragon has multiple entry points for
students to engage with L2 content in ways that are meaningful to them.
Conclusion
Research using educational data mining approaches in L2 gaming contexts is rare.
As noted by other researchers, applying such approaches to explore L2 learning in digital
environments may be beneficial to educators (Godwin-Jones, 2017; Reinders, 2018).
Further, collecting and analyzing data from digital games using EDM approaches may
allow educators to visualize and capture learning as it happens in context, much like Yim
et al.’s, (2017) study which used visualizations to explore the collaborative writing
process. Further, research on EDM and L2 digital games has primarily focused on
students at the university level (e.g., Foung, 2019; H. Lee et al., 2019), with no other
studies exploring how L2 elementary learners engage with a digital game in the
classroom. Research using EDM techniques at the elementary levels is important as it
may inform teacher practices involving digital games for L2 learning.
There are several ways that information from the present study could be used by
teachers to inform their classroom instruction when using the game in the classroom.
Creating a teacher dashboard that provides visualizations of the data is one way to use
game data. Some examples include providing visualizations of the vocabulary words
accessed (or not accessed), during game play that teachers could use to guide either
activities supplemental to game play or post game play. Information on clusters could be
used to find information about how students are accessing the game and what in game
activities may lead to learning gains. In addition, by identifying learner gameplay styles,
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an instructor may decide to organize group activities around the game by leveraging the
groups identified in the cluster analysis. For example, in the present study, the instructor
may want to pair some of the Not Interested students with more proficient readers to
provide additional support while playing the game. Further, these findings may be
beneficial to future game designers by providing insight into the role of time spent
reading a text, use of the menu, text exposure and glossing tools. Specifically, this study
found that reading gains on average were higher for those who spent more time reading
the text, and using the glossing tool. Finally, before such data and analytics are provided
to educators, future research should explore teacher perceptions and beliefs about data
and visualizations derived from in-class activities.
Limitations
The present study has a few limitations and thus the findings reported should be
interpreted conservatively. First, although gameplay provides several data points which is
ideal for data mining approaches, the total number of participants in this study is small.
To further confirm some of the trends associated with learning in this study, research
with larger populations is needed. Second, there was no relative qualitative data
associated with the analysis in this study. While I did collect affect data via surveys,
video data or interview data that supports the conjectures made about the groups
identified in the cluster analysis would have been ideal.
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CHAPTER 4
DEVELOPING AND VALIDATING STEALTH ASSESSMENTS FOR AN
EDUCATIONAL GAME TO ASSESS YOUNG DUAL LANGUAGE
IMMERSION LEARNERS’ READING COMPREHENSION
Abstract
The present study draws from the evidence-centered design framework to build
and evaluate stealth assessments within a digital game to assess young second language
learners’ reading comprehension. Assessing reading comprehension is a difficult and
complex task. Using digital games as a means to collect data to assess learners while they
engage with texts may be a viable solution. Further, by assessing learners in a low-risk
environment that also promotes learning, stealth assessments may become a better
alternative to traditional assessments. The present study uses Bayesian belief networks to
leverage time on task, use of a glossing tool, and student vocabulary knowledge as a
means to assess readers as they engage with in-game texts. This study found that scores
produced by the Bayesian belief network is significantly correlated with two external
measures of reading comprehension.
Introduction
Foreign/Second Language (L2) educators have long recognized the value of
integrating games into instruction (Baltra, 1990; Cornillie et al., 2012; Hubbard, 1991;
Prensky, 2001). Over the years, researchers have argued and provided evidence that

103
digital games afford several educational benefits for L2 learners including a more
enjoyable learning process (Becker, 2007; Gee, 2003; Prensky, 2001), motivation to
persist in learning the L2 (Hayes, 2005; Prensky, 2001; Warschauer & Healey, 1998), a
highly contextualized and interactive learning environment (Gee, 2003; Morton et al.,
2012; Presnky, 2001; Sørensen & Meyer, 2007; Vogel et al., 2006), opportunities for
collaboration and meaningful interactions (Dalton & Devitt, 2016; Peterson, 2011;
Warschauer & Healey, 1998), and immediate feedback in context (Cornillie et al., 2012).
Furthermore, these benefits have been shown to promote vocabulary learning (e.g.,
Ansteeg, 2015; Bytheway, 2014; Yudintseva, 2015), a willingness to communicate (e.g.,
Reinders & Wattana, 2014), writing skills (e.g., Coleman, 2002; Palaiogiannis, 2014; Suh
et al., 2010), among other L2 skills, while also reducing anxiety associated with learning
an L2 (e.g., Hwang et al., 2017).
Given these benefits, one of the often overlooked and under researched
advantages of utilizing digital games for L2 learning is the potential to assess learners
while they engage with and use the L2 in highly contextualized environments, without
the pretext of an assessment (Mavridis & Tsiatsos, 2017). Traditional assessments (e.g.,
fill in the blank, multiple choice items) have been criticized both due to their lack of
contextualization (Baker et al., 2016; Shute & Wang, 2015) and because they separate
assessment from learning via the pre-post assessment paradigm (Clarke-Midura & Dede,
2010; Halverson & Owen, 2014). Digital games can be leveraged to track player actions,
in-game choices, and behavioral patterns, which may act as indicators for L2 proficiency
and/or growth. Perhaps more importantly, data collected in digital games provide
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multiple observations of student performance which is needed to make an adequate
assessment of student learning and/or competencies (Clarke-Midura & Dede, 2010).
Furthermore, such measures can be collected while–not after– learners engage in tasks
that are meaningful to the learner. Finally, such data may also prove to be useful for inclassroom educators to inform their practices.
In other educational subject-content areas (mathematics, biology, physics, etc.),
researchers have utilized log data files from digital games to collect evidence linking ingame behavioral actions with cognitive choices (e.g., Gibson & Clarke-Midura, 2015;
Gobert et al., 2012), changes in a learner’s conceptual understanding (e.g., Martin et al.,
2015), and/or affect change (e.g., Halverson & Owen, 2014). While these approaches are
considerably new in educational research, they have been almost non-existent in studies
investigating L2 proficiency and development. L2 studies using in-game log data files
tend to use such data to track student responses on multiple choice-like questions (e.g.,
Erhel & Jamet, 2016) or to collect and later analyze L2 text produced during in-game
chats (e.g., Collentine, 2011). However, log data files could be used to track players’
interactions with new vocabulary, use of in-game support while reading an L2 text, and
other strategies employed while attempting to overcome linguistic challenges.
Subsequently, such data may not only facilitate the creation of better models for L2
learning, but they may also allow better predictions or assessment of language
proficiency. However, before this can happen, researchers must first identify in-game
behaviors that are both trackable with log data and representative of L2 learning and/or
proficiency. Identifying in-game behaviors includes both identifying gameplay
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tendencies (e.g., amount of time spent reading in-game texts, types of in-game activities
engaged in) and designing and evaluating activities that elicit behaviors representative of
L2 learning or proficiency. Finally, these assessments must then be validated before they
are used in meaningful ways.
In the present study, I applied game-based assessment approaches being
implemented in other educational settings to an L2 learning context. To do this, I
designed and built a digital game for students in a Chinese dual language immersion
(DLI) classroom to promote vocabulary learning and reading development (see Chapter
2). Within this game, student data related to the use of vocabulary support, reading ingame texts, and gameplay behaviors were collected. This data was used to construct and
validate a Bayesian Belief Network to automatically assess young Chinese DLI learners’
reading comprehension proficiency. In the sections that follow, I first provide a review of
the literature, discussing the L2 reading process and research approaches to assess L2
reading comprehension. Then I review literature around game and virtual assessments
and make an argument for game-based assessments. Next, I introduce the evidencedcentered design framework that I used to guide the design of the stealth assessments.
Then I introduce the methods, including a brief description of the game used in this study
and a detailed description of how the stealth assessments and Bayesian belief networks
were constructed. Finally, I discuss the implications of the stealth assessments designed
in this study for L2 contexts.
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Literature Review
Reading in the L2
Reading is the process of extracting information from written text. This means
readers must decode orthographic, phonological, semantic, morphological, and cultural
knowledge from text. Researchers have argued that readers do this by mapping
knowledge acquired orally from a language to the associated writing system (e.g.,
Perfetti, 2007). Although early research relied heavily on studies involving L1 readers to
inform hypotheses and conjectures about L2 reading processes (Bernhardt, 2005; Koda,
2007), L2 reading differs substantially from L1 reading. One of the most obvious ways
that L2 reading differs from the L1 is that the reader has two language systems. In other
words, when one engages in L2 reading, the L1 is often used as a resource for
understanding the text. Depending on linguistic, syntactic, and cultural proximity of the
L1 to the L2, the impact of a second language can vary significantly on how one learns to
read in the L2 (Koda, 2007). In Bernhardt’s (2011) compensatory model of L2 reading,
she argues that reading comprehension ability is comprised of a reader’s L1 literacy
skills, L2 language knowledge, some other unexplained variance which may include
background knowledge, life experiences, and metacognitive strategies.
Another difference between L1 and L2 reading is that L2 learners, especially
novice and intermediate learners, do not have the advanced oral language skills of a
native speaker to rely on when learning to read (Koda, 2005; Yorio, 1971). Similarly,
there is typically a large gap in the amount of vocabulary knowledge that learners have
when reading texts (Clarke, 1980; Grabe, 2014). These two differences result in more
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bottom-up processing by L2 readers, and more specifically novice and intermediate L2
readers, when reading a text in their target language (Clarke, 1980; Grabe, 2009, 2014;
Koda, 2005). Bottom-up processing represents the decoding of individual words first, and
then after processing each word, trying to make sense of the statement (Hinkel, 2017). In
contrast, top-down processing involves the use of prior knowledge and understanding of
the text to make inferences and predictions about the text (Tsui & Fullilove, 1998). Topdown processing is done when less cognitive effort is used for decoding words. In other
words, once learners can automate the process of recognizing words and their meanings
in a sentence, they can begin to consider the meaning of the text on a global level.
Similarly, L2 reading has been described as containing lower- and higher-level
processing where lower-level processing refers to reading the text at a superficial level
(Alderson et al., 2015). In contrast, higher-level processing refers to many of the metacognitive activities that take place while reading, such as making inferences about the
author’s intent, responding to the arguments or statements made in text, and so on (Koda,
1992). These two perspectives on reading are similar, but what is important is that many
novice L2 readers spend much of their time using bottom-up strategies for lower-level
processing (Clarke, 1980; Grabe, 2009, 2014; Koda, 2005). This is important for the
present study because to assess L2 learners’ reading skills, one must understand what
type of reading they are engaging in. While researchers generally agree that L2 readers
will engage in a mixture of processes at some level (Alderson et. al., 2015), given that
novice learners are so focused on decoding vocabulary, their high-level processing is
typically limited.
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Assessing L2 Reading
When thinking about L2 assessments, it is first important to determine what is
being assessed (Roever, 2001). In other words, is the assessment aimed at measuring L2
speaking or reading, or is the goal to assess performance on a communicative task. Next,
one should consider the purpose of the assessment. Shrum and Glisan (2010) state that
assessments used in L2 classroom settings are used to understand the learning process,
identify learner struggles, and track student progress. They further argue that this
information can then be utilized to improve L2 instruction. Assessments have also been
used to make claims about students’ achievement or proficiency (e.g., Hadley, 2001). An
assessment focused on achievement is one which assesses a learner’s knowledge of a
targeted skill or knowledge, while proficiency assessments assess a learner’s overall L2
ability (Hadley, 2001). The current study aims to assess learner reading proficiency using
their engagement with in-game texts.
Another distinction to make between assessments is whether or not the
assessment is authentic. An authentic assessment has been defined as one that resembles
the tasks and activities that one engages with in the real world (Wiggins, 1998).
Traditional assessments are contrary to authentic assessments in that they divorce the L2
concept from their real-world use. This is often done with achievement tests when
educators attempt to isolate a specific skill or language to be tested. Using authentic
assessments is argued to be beneficial to learners because measuring learners based on
real-world use of a language not only provides a better evaluation of what a learner can
do with a language (rather than what they know about a language), but it also creates a
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washback effect, in which teachers adjust their pedagogy to reflect the test (Lantolf &
Poehner, 2003). In other words, if assessments are divorced from real-world use of the L2
then it is likely that L2 teachers will likewise change their pedagogical approaches to
mimic the assessment. Shrum and Glisan (2010) provide a list of guidelines for creating
authentic L2 assessments that include:
•
•
•
•
•

Contextualizing the assessment
Meaningful communication
Elicit performance of some type
Encourage divergent responses and creativity
Adaptable

In terms of L2 reading comprehension, research has also shown that task type
greatly influences student outcomes (J. Lee, 1987; Wolf, 1993). Specifically, multiple
choice questions, fill-in-the-blank, essay response items among others all may elicit
different skills (J. Lee, 1987; Wolf, 1993). J. Lee and VanPatten (2003) further illustrate
the complexity of measuring reading comprehension when they say, “all attempts to test
and evaluate comprehension are problematic because the process is internal to the reader”
(p. 262). In other words, it’s impossible to determine if the student is actually reading or
comprehending what is being read because it is happening cognitively. Shrum and Glisan
(2010) argue that when assessing reading comprehension, items should reflect what
students do in the classroom and further that “reading should be constructed to encourage
learners to read more” (p. 262). In the current study, the game-based assessments are seen
as authentic assessments as they assess students as they engage in the real-world activity
of playing a game.
Past research on assessing L2 reading skills has followed one of three generic

110
approaches. One of the first approaches is an assessment that focuses on the product, or
what students understand from a text (MacMillan, 2016). Researchers have then tried to
make inferences about certain skills and/or characteristic that are associated with high
and low performers. This approach has been criticized largely because it has been pointed
out that what learners take from a reading can vary significantly, and there is no clear
method for distinguishing value of one product over another (Alderson, 2000). After a
focus on reading products as means to assess reading comprehension, researchers shifted
towards a process approach in which the interaction between learner and text is
examined. More specifically, the learner is assumed to come to the text with knowledge
and experiences that will affect how a text is read, what content receives attention, and
the perceived difficulty of the text. This approach has led to much valuable research (e.g.,
Block, 1992; Kern, 1994; Leow & Morgan-Short, 2004); however, it has been criticized
because the approaches to extract evidence of reader interaction with the text is also
divorced from the natural reading process (e.g., read aloud protocols; Stratman & HampLyons, 1994; Yoshida, 2008). More recently, much research has focused on factors that
affect reading difficulty and discrimination using psychometric measures (MacMillan,
2016). By determining item difficulty and discrimination features within a reading
comprehension prompt, much can be inferred about student reading abilities depending
on how the student performs on a reading comprehension item. The present study takes
the position that many of the challenges currently involved in assessing L2 reading can be
resolved via game-based assessments.
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Assessments in Games and Virtual
Environments
Although research investigating the design and validity of assessments in games
and virtual environments is still in its infancy, several studies have measured learning and
development using game and simulation data in a variety of ways. Some studies have
used time and frequency variables as predictors for learning (Chin et al., 2016; DiCerbo,
2014; Galaup et al., 2015; Liu et al., 2016; Shute & Wang, 2015), while other studies
have examined the significance of sequence of choice and user path selections in virtual
environments (Halverson & Owen, 2014; Loh & Sheng, 2015). In addition, some
researchers have made inferences about learning outcomes based on player performance
on tasks designed to elicit specific skills related to the learning outcomes (Baker &
Clarke-Midura, 2013; Gobert et al., 2012; Quellmalz et al., 2013).
Much of the research using frequency and time variables tends to count the
number of times a player engages in an action and/or the amount of time spent on the
action. These frequency- and time-based variables are then used as predictors for learning
gains on external assessments. In a study investigating the effect of a serious game on
data literacy and visualization skills, Chin et al. (2016) found that frequency and duration
of in-game tasks significantly predicted learner gains on external assessments. Similarly,
Galaup et al. (2015) found that in-game successes (i.e., in-game gold collected) and time
spent playing the game outside of class while playing a serious game designed for
mechanical engineering students significantly correlated with final exam scores. In
another study, Liu et al. (2016) used an Alien encounter-themed game to teach problem
solving skills. However, Liu et al. were interested in comparing how high and low
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performance students used the resources in the game. They tracked frequency and
duration of tool use by players and found that high performers were better at selecting
and using the proper tool for the task. Using vernacular games, Shute and Wang (2015)
tracked several in-game actions of students playing either Portal 2 or Lumosity, including
number of levels completed, average time spent on a level, and several measures of
attention provided by Lumosity. They found that indicators in Portal 2 significantly
predicted post-test outcomes while those from Lumosity did not. Finally, DiCerbo (2014)
used in-game analytics including, time spent on task and number of tasks completed, as
indicators for persistence in an activity. In L2 studies using digital games, some
researchers have also investigated the relationship between time and frequency variables
on learning outcomes. Collentine (2011) found that the amount of time participants spent
on either reading a text or a reading question was significantly associated with outcomes
on a writing assessment after playing a digital game designed for second language
learners of Spanish. In another study investigating the use of Everquest II as an English
language learning tool, Rankin et al. (2006) found that more advanced speakers generated
more chat messages than intermediate and novice speakers.
Research examining player path and sequence of actions have examined the
relationship between combinations of in-game behaviors and outcome variables. For
instance, Halverson and Owen (2014) used log data to identify players who seemingly
randomly clicked buttons in a game designed to teach stem-cell science and found that
this behavior was associated with poor learning outcomes on an external pre-/postassessment measuring student knowledge about stem-cells. However, they also found that
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learners who made it to the “boss level,” or end of a level, experienced significantly
higher gains on the post-test. In a study that tracked player paths in a military game, Loh
and Sheng (2015) developed statistical measures to compare expert paths to player paths.
Their study illustrates how player sequence through tasks can be used to identify
proximity of expert among players. In a L2 study using a digital game, Hwang et al.
(2017) compared in-game behavior sequences by EFL learners with high and low anxiety
(as determined by a pretest). They found that learners with higher levels of anxiety
engaged in more ‘complex’ forms of learning within the game than less anxious students.
In other words, students with less anxiety used in-game supports and then completed a
task, while students with higher anxiety engaged in a more iterative process that included
checking in-game supports multiple times and failing a task before completing the tasks.
They concluded that high anxiety learners reviewed more vocabulary cards and acquired
more relevant knowledge prior to completion of tasks. Finally, in studies that attempt to
match in-game behaviors to educational competencies, researchers first identify
indicators within the game and then typically use Bayesian statistics to establish a link
between the indicators and the targeted skill or competency. For example, Gobert et al.
(2012) identified several skills related to scientific inquiry, and then illustrated how tasks
in their virtual experimentation lab elicited the targeted skills. Last, they provide a
framework for assessing and automatically scoring each of the skills with a binary code.
In another study, Quellmalz et al. (2013) compared validity measures of virtual
assessments in three different learning environments (i.e., static, active, and interactive).
They found that interactive environments provide learners with better estimates of
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assessments in regard to scientific inquiry. Baker and Clarke-Midura (2013) used
Bayesian Knowledge Tracing to explore how in-game indicators predicted both correct
responses on a task designed to elicit scientific inquiry, and the causal explanations
developed by the learner for the response. They argue that such assessments can be used
to assess a learner’s zone of proximal development. In terms of L2 studies, Cornillie et al.
(2017) designed tasks within a virtual world to allow EFL participants to practice
applying their knowledge of English pragmatics to a meaningful and contextualized
environment. The authors were interested in exploring the types of feedback that learners
preferred while playing the game. While the authors concluded that more explicit
feedback was more effective and preferred, they did not validate their tasks as
assessments. In another study exploring vocabulary learning in a simulation software,
Hsiao et al. (2017) collected player log data to analyze patterns in how students interacted
with new vocabulary words. It should first be noted that the students were given a
specific task of learning 30 words and there were no clear gaming elements in the
software. Through data visualization techniques, the authors found differences in learning
strategies between high- and low-achieving learners. Specifically, they found that lowachieving learners tended to click on vocabulary words randomly or use the nearest
neighbor approach in which they simply clicked on vocabulary words that were close to
each other. In contrast, the high-achievers tended to use a strategy to cluster similar
vocabulary words together to facilitate learning. This study is particularly important for
the present study for a few reasons. First, it is one of the few studies that has used data
mining techniques to explore L2 player interactions via digital software when learning
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Chinese. Second, this study confirms that behavior in the software was dependent on L2
proficiency. Finally, given that participants were told to learn 30 words, and there were
no game elements embedded into the software, there is still a need to explore how
learners engage with L2 text in game when they are more focused on playing the game
rather than learning vocabulary.
Again, research on game and virtual assessments is still a nascent field. However,
research involving game and virtual assessments in an L2 context is almost non-existent,
especially for non-English languages.
The Present Study
As presented in the literature review, assessing L2 reading comprehension is a
complex process because there are many variables that are associated with reading and
the reading process is internal to the student. Assessing L2 reading within a digital game
at first glance appears to be more complex, especially in a game that allows players
autonomy in how they play (see Chapter 3). In the digital game used in the present study,
although several dialogues prompt learners with a question to respond to, the answers are
not necessarily representative of failed comprehension. For instance, if a noncharacter
player (NPC) asks a student for help, the student may choose to not help the NPC. This
does not necessarily indicate failed comprehension. Similarly, for other dialogues that
prompt a response, students may simply be interested in exploring how atypical
responses affect the system. Further, given the unique ways that learners play a game (see
Chapter 3), the type and amount of text that a player is exposed to may vary significantly.

116
While this does appear to be more complex, reading within a digital game allows data
related to student engagement with a text to be collected. In the present study, the amount
of time spent on the text, the use of a glossing tool within the text, and a student’s
knowledge of in-text vocabulary is leveraged to make inferences about whether or not a
text was read and understood. To leverage these data points, I used a stealth assessment
approach to embed assessments within the digital game play.
Assessment Design Framework
The present study employed a Stealth Assessment approach (e.g., Shute & Kim,
2014), which is based on the Evidence Centered Design Framework (ECD). Stealth
Assessments are evidence-based approaches that unobtrusively assess students while they
are interacting with digital games or virtual environments (Shute & Ventura, 2013). This
approach was used for three reasons. First, it provides a rigorous model for developing an
assessment in terms of evidentiary arguments (Mislevey et al., 2003; Mislevy & Haertel,
2006). Second, ECD was developed for complex assessments such as this and allows for
the modeling of game data as evidence for students. Further, this framework ensures that
evidence collected and analyzed is aligned with the goal of the assessment.
Evidence Centered Design
Evidence Centered Design (ECD) is a multilayer approach comprised of five
layers: (1) domain analysis, (2) domain modelling, (3), the conceptual assessment
framework (CAF), (4) assessment implementation, and (5) assessment delivery. In layers
1 and 2, the focus is on the purposes of the assessment, the nature of knowing, and
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structures for observing and organizing knowledge. In the third layer, assessment
designers focus on the competency model (e.g., what skills are being assessed), the
evidence model (e.g., how are skills measured), and the task model (e.g., situations that
elicit the behaviours/evidence). These aspects of the design are interrelated. The models
promote a shift in assessment design towards a focus on the process of task design and
how such tasks relate to statistical interpretation, rather than simply analyzing and
interpreting data out of context (Mislevy et al., 2003).
Stealth Assessments
Stealth Assessments are designed using ECD’s framework. Of particular interest
is the third layer, the Conceptual Assessment Framework (CAF). The CAF contains
several models that work together to answer the questions “what attributes are to be
measured?” and “how do we store them?” (Shute & Kim, 2014, p. 24). This layer focuses
on the assembly of the entire assessment and the processes needed to implement it by
generating a test blueprint that specifies the scoring system, statistical models, and
delivery processes (Mislevy & Haertel, 2006; Mislevy & Risconcente, 2006). Figure 4.1
provides a visualization of the five components that make up the CAF and how they are
interconnected.
What Are We Measuring?
The first model is the competency model, which has also been called the student
model. This model answers the question of what the assessment is measuring and
represents the claims that are being made about students’ proficiencies (Mislevy &
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Figure 4.1
Conceptual Assessment Framework

Risconcente, 2006). In a game-based assessment, as in the present study, the competency
model is constantly updated based on how students interact with the in-game tasks, see
Figure 4.2 (based on the evidence model; Shute & Ventura, 2013).
Figure 4.2
Competency Model

How Do We Measure It?
The second model is the evidence model. The Evidence Model provides the
technical details on how the assessment measures the Competency model. The evidence
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model contains two parts, the evidence rules and the statistical model. The evidence
model refers to how information is decoded, in this case from a computer, to match with
the student variables, see Figure 4.3. For instance, in the present study it would refer to
how time on reading tasks was calculated and eventually discretized for analysis. The
statistical model explains how evidence is associated with the competencies outlined in
the competency model. Again, for a simple example, the statistical model might state that
80% or higher on a grammatical quiz indicates mastery of the grammatical concept.
However, for this study and for many other studies that employ the ECD framework (e.g.,
Kim et al., 2016; Shute et al., 2017), Bayesian belief networks are used to describe the
probability of reading comprehension given the evidence of student performance on tasks
with varying degrees of knowledge and difficulty.
Figure 4.3
Evidence Model

In What Situation(s) do We Measure it?
The third model is the task model, see Figure 4.4. This model focuses on the
design of tasks that will elicit the competency variables above. Simply stated, this model
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describes where and how we measure the targeted skills and/or knowledge. Tasks should
be described by how they are presented, types of outcomes elicited, and in terms of
variables associated with the task features (e.g., difficulty). Again, in a simple example,
this model might describe how an open-ended essay question is better at eliciting
grammatical knowledge when compared to a multiple-choice question. Specifically, this
model describes the prompt given to the learner, then the types of responses that may be
elicited from this prompt, and finally how features (e.g., open-ended vs. multiple choice)
will impact the results produced. Subsequently, this model considers all possible
behaviors that may be elicited from a task and if those behaviors can then be mapped on
to the targeted competencies. In the present study, the tasks are short reading prompts that
appear throughout the game. There are some reading prompts that require a response and
some that do not. All reading prompts provide users with the option to use a support
system that provides the Pinyin for targeted words. The primary behavior that will be
elicited is time spent on reading and whether or not the support system is used. However,
other variables that define the task features will also be collected including length of text,
Figure 4.4
Task Models
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whether or not the learner has vocabulary knowledge associated with the text, the amount
of times the text has been seen, and whether or not the text prompts a response.
How Much Do We Need to Measure It?
The assembly model describes how the student, evidence, and task models work
together to provide sufficient information for a valid assessment (Almond et al., 2014).
Most importantly, the model specifies how much information is needed from each
variable in the competency model in order to represent the breadth and diversity of what
is being assessed (Mislevy & Risconcente, 2006). This is particularly important for GBA
because of the variability in how students play a game. For instance, some text may be
seen by only one player, while others are seen by all players, multiple times. The last
model is the presentation model. This model describes how the game is presented and
played on certain devices (e.g., laptop, tablet) and how it is presented to the learners (e.g.,
as an assessment or as a game to play).
The primary focus of the present study is to develop a stealth assessment, a
specialized implementation of the ECD framework that involves embedding assessments
into a learning environment (Shute, Ke, & Wang, 2017). The stealth assessment will be
used to assess young Chinese DLI learners’ reading comprehension. The present study
was guided by the following research question.
1. Do students’ performances on in-game task, as determined by the stealth
assessments, correlate significantly with external, paper-based, post-reading
measures?
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Method
Participants and Setting
Data were collected in two sixth-grade elementary Chinese DLI classroom
settings. The two classrooms had 19 and 21 students respectively. Stratified
randomization with gender as a factor was used to assign learners to each classroom at
the beginning of the school year. Students ranged in age between 10 and 12 years old.
Four students (1 in the Class A, 3 in Class B) did not sign the consent form. In addition,
two students in Class B did not take the pre-test, and one student in both Class A and B
did not take the post test. Thus, although I had consent forms for 36 students, there was
only complete data from 32 students, yet for some of the analysis used in this dissertation
all 36 of these students’ data were utilized.
Procedures
The game was played on a set of MacBooks that were provided by the research
team. All data was uploaded to a Mongo Database after each gameplay. Eleven
computers were used which meant that only half of the class could play the game at a
time. Thus, while one half of the class played the game, the other half completed a
workbook that reviewed in-game vocabulary and phrases (see Appendix B). This
workbook largely consisted of character writing tasks, vocabulary matching exercises,
and oral discussion activities about the game. This workbook was designed to scaffold
learner interaction with the game by providing linguistic support via character
recognition tasks and gameplay strategy via oral discussions. Half of the class completed
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the workbook while the other half of the class played the game. The half of the class that
completed the workbook was first given a brief introduction to the exercises that they
needed to complete, and then they completed the exercises on their own. The students
played the game for four weeks, twice per week, and approximately 25 minutes per
session (see Figure 4.5).
Figure 4.5
Research Schedule

Data Collection
Data for this study came from four sources: pre- and post-vocabulary and reading
comprehension assessments, teacher evaluations of student reading comprehension, and
log files that captured in-game actions, texts read, and choices made.
Vocabulary Assessment
The pre- and post-vocabulary test consisted of 45 words that could be found in the
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game. All of the vocabulary words selected were words that could be checked via the
pinyin support system. Although it should be noted that this is not a comprehensive list of
the vocabulary words that could checked. On the vocabulary assessments, learners are
presented with the character and then learners were first asked to declare if (a) they know
the word, (b) they think they know the word, or (c) they are just guessing. Next, learners
were prompted to enter the pinyin and the English translation. The vocabulary
assessments can be seen in Appendix B. These assessments were scored by awarding 1
point for correct pinyin, and 1 point for correct English definitions. Further, half points
were awarded for partial answers. For example, if a learner correctly identified the
correct pinyin or English for one of the characters but not both half points were awarded.
Awarding partial points for vocabulary knowledge was viewed as valuable given past
research that has noted the non-linear trajectory, and the partial accumulation of
vocabulary knowledge that occurs through incidental learning while reading L2 texts.
Reading Comprehension Assessment
The external reading comprehension test was adapted from the Chinese YCT test
(http://english.hanban.org/node_8001.htm), which is an official Chinese proficiency
assessment developed by the Confucius Institute and used regularly in the Utah Chinese
DLI program. The reading comprehension test consisted of ten items. See Appendix A
for the external reading assessments. Although the format of the reading comprehension
test was adapted to reflect the Chinese YCT test, the content was adapted to reflect text
that the learners might see in the game. To reduce the priming effect on the
comprehension assessments, items were randomized in both the pre- and post-
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assessments. Further, although the sentence structures remained the same, the content,
and thus the answers changed from pre- to post-assessments.
Teacher Informal Reading Comprehension
Assessment
Two teachers who most recently taught the current class (including the current
teacher) rated the students based on their reading comprehension abilities. Teachers were
instructed to rate their students on a scale from 1 to 5 in terms of reading proficiency,
with 5 meaning most proficient and 1 being least proficient. The teachers were told to
consider student’s vocabulary knowledge, oral reading fluency, and performance on inclass reading comprehension quizzes. The two scores were then correlated to check interrater reliability and a significant correlation was found R = .82 (t = 8.52, df = 34, p value
< 0.001). These scores were then combined to create a composite score which was then
used as a second measure for validating the scores from the stealth assessment.
Game Play Data
Finally, the source of in-game data came from the log files that capture players’
in-game actions, texts read, and choices made. All players’ movements and choices along
with a timestamp were saved to a JSON file after each session’s gameplay and then
automatically uploaded to a Mongo Database each time a player saved the game. These
JSON files were also stored locally after each save and then manually extracted as a
backup at the end of each day. After the study was completed, all JSON files were pulled
from the Mongo Database and stored into one master JSON file. This file was then
wrangled into a single data frame using primarily tidyverse (Wickham, 2017). Appendix
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D contains the R script with all of the libraries used to clean and analyze the data. In the
following section, the specific analyses and methods that were used for each research
question are addressed.
Table 4.1 provides an overview of all data collected in this study and how the data
was used.
Table 4.1
Data Sources
Data source

Time

Description

Vocabulary assessment

Pre- and Post-

This measures student knowledge on 45 vocabulary
words that are found in the game.

Reading comprehension assessment

Pre- and Post-

There are 10 reading comprehension questions that
use vocabulary and sentence structures from the
game.

Battles

In-game

This is a raw count of how many battles the student
engaged in during gameplay.

Text exposure

In-game

This is a raw count of the number of texts that
student was exposed to in the game.

Menu-on

In-game

This a raw account of how many times the menu
was accessed during gameplay.

Time spent reading

In-game

This was a measure of time spent reading text in
seconds. Time was rounded to the nearest second
due to data logging complication.

Look up (vocabulary)

In-game

This counts the number of times a word was looked
up in the text.

Response requested

In-game

This is a categorical variable that identifies if a text
prompted a response from a participant.

Vocabulary known

In-game

This is categorical variable that identified if a
vocabulary word was known, unknown, or if both in
a text as determined from the pre-vocabulary test.

Duplicate text

In-game

This is a categorical variable that determined if the
text was being read for the first time, one of the first
three times, or more than three times.

Reading comprehension

In-game

This was a categorical variable that assigned a
correct or incorrect valuable to texts that prompted
learners with a question and had a definitive correct
answer.

Knowledge/ skills

In-game logfiles

127
Data Analysis
I use Bayesian Belief Networks (BBN) to analyze data from stealth assessments
embedded in game play. First, I will detail the process that was used to develop the
stealth assessment, and then next I will describe how the BBN was built and calibrated.
Designing Stealth Assessments
The stealth assessments in this study were designed using the eight steps outlined
in Figure 4.6, which was modified from Shute et al. (2017).
Figure 4.6
Modified Approach to Designing Stealth Assessments

Step 1: Identify Key Variables. Step 1 calls for the identification of a
competency model based on a literature review and expert reviews. The present study has
identified Chinese reading comprehension as the skill to be assessed. Past research
exploring factors that affect L2 Chinese reading comprehension have identified reading
fluency, vocabulary knowledge, as well as character recognition as strong determinants
for reading comprehension performance (Shen & Jiang, 2013). Further, a previous study
with a similar participant sample noted the value of metacognition, and specifically self-
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regulation skills while reading (Poole et al., 2018). This study found that students often
used a glossing tool to check their understanding of a vocabulary word, and further that
prompting that students to respond to an in-game text led to students checking their
understanding of the original text. Finally, character segmentation was also identified as
an important skill. However, given the tasks and game used in this study, capturing this
data was not an option.
Step 2 and Step 4: Building the Task Model. These steps are concerned with
selecting a game and creating tasks that elicit evidence for the desired skills. The game
being used is Legend of the Dragon, which was described in detail in Chapter 2. This
game was designed to provide an open world environment through which learners could
explore and interact with NPCs with autonomy. Further, this game provided multiple L2
supports via a glossing system, battle cards with images and Pinyin support, and a quest
bar to remind and direct learners towards goals. The primary tasks being assessed are
learner engagement with texts within the game. The assessment draws from data
collected as a result of reading these texts.
Step 3: Developing Evidence Model. This step calls for the identification of the
in-game actions that will serve as indicators. Table 4.2 provides a list of the identified
indicators that will be used to provide evidence for reading comprehension skills. There
are a number of other variables that were left out of this table that were used in other
analysis such as the number of times a player accessed an item or the menu or the amount
of time spent on a particular map in the game. These were not used for this analysis as
they have no relationship to reading each particular text in the game. Thus, only variables
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that affected how the text was read were included.
Table 4.2
In-Game Indicators
Variable

Description

Time

Time spent reading texts in the game.

Respond

Whether or not the text being read required a response.

Sent_K

The length of the sentence.

LookUp

Whether or not the glossing tool was used while reading a text.

Vocabulary

Whether or not the text contained a known vocabulary word.

Duplicates

This indicates if the text is being read for the first, for the first three times, or if it’s
been read for more than three times.

Step five: Transform variables. This step calls for the discretization of the
indicators see Table 4.3. This is an important process that is needed to use the software
Netica ((www.norsys.com)) to create the BBNs. Table 4.2 identifies the key indicators for
reading comprehension and have illustrated how they were discretized. The indicators
were identified as a combination of variables that were deemed important from the
literature, as well as those variables that were seen as important from the CART analysis
in Chapter 3 of this dissertation.
The first variable time is a continuous variable that measures the number of
seconds that a player used when reading a text. At first, this variable was divided into
fast, medium, and slow reading times by identifying the mean, and then one standard
deviation above and below the mean as slow and fast reading times. However, this did
not make sense for a few reasons. First, there were some outliers in which students used
40 seconds to read a text. These situations were clearly moments when students clicked
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Table 4.3
Discrete Categories
Variable
Time

Description
Time spent reading text in
the quests.

Collected format
Continuous

Discrete categories
Fast: Less than 1 second
Medium: Between 2 and 6 seconds
Slow: More than 6 seconds

Respond

Whether or not the text being
read required a response

Categorical

Respond
No Respond

Sent_K

Length of the sentence.

Continuous

Short: Less than 6 characters
Medium: Between 7 and 30 characters
Long: More than 30 characters

LookUp

Whether or not a word was
looked up.

Continuous

No look up
Look up

Vocabulary

Whether or not a text
contains a known word.

Categorical

Known
Unknown
Both

Duplicates

How many times the same
text has been read.

Continuous

Origin
Less than three times
More than three times

ReadComp

Outcome variable indicating
if a text was read/understood.

Categorical

Read/understood
Not read/understood

on a text and then got distracted; however, these times were pulling the mean up. Due to
the mean being pulled up, some texts were being identified as fast, but in reality, they
may have been average reading times. To fix this issue, first outliers were temporarily
removed and then a new mean and standard deviation was calculated. Next, any reading
time that was one second or less was identified as fast, or as skipping the text. Then any
reading time that was more than 2 standard deviations above the mean (> 6 seconds) was
marked as slow. These were typically moments when a learner was seeking external help
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or had gotten distracted. Anything in between, so 2 to 5 seconds was seen as optimal
reading time given the average length of the texts.
The second variable Respond was already a categorical variable. It refers to
whether or not the text that was being read prompted students to respond. This was seen
as an important indicator for two reasons. First, past research has shown that when
students are asked to respond to a text, they are more likely to both (a) pay attention to
the text, and (b) confirm their understanding of the text (Poole et al., 2018). Given that
students may re-read or focus more attention on a text, it makes sense that their reading
times will also be affected, and thus this variable will likely have an effect on reading
times. The two categories are respond and no respond.
The next variable Sent_K refers to the sentence length. This variable was
originally a continuous variable that counted the total number of characters in a text. Kmeans clustering was used to divide this variable into three categories: short, medium,
and long texts. Originally, I used a similar discretization process to the one used with
time to categorize sentence length. However, this resulted in substantially more short
texts as there were several texts with only one word. These texts occurred when players
were picking up items. The second approach, K-means clustering, produced more of a
balanced distribution of texts between short, medium, and long lengths. Short texts were
identified as having between 0 and 6 characters, medium texts were identified as having
between 7 and 30 characters, and finally, long texts were identified as having more than
30 characters.
The next variable LookUp is already a categorical variable that indicates whether
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or not the glossing system for a word was used. Vocabulary is also a categorical variable
that indicates whether or not a text contains a word that the student knows. There are
three categories know refers to a text containing a word the student knows, unknown
refers to a text that contains a word that the student does not know, and both means there
are both known and unknown words in the text. These words were identified based on
answers provided on the vocabulary pre-test and thus they are not complete.
The next variable ReadComp is used to track reading comprehension. Some of the
texts in the game have clear right and wrong answers, for these texts the variable
ReadComp is used to track right and wrong answers. However, in the BBN, other texts
without right and wrong answers are predicted using the expert driven parameters within
the BBN.
Finally, the duplicates variable tracks how many times a student has read a text.
This variable was originally continuous and was converted to categorical by first
identifying the first time a text was read (origin), then identifying if the text was read less
than three times, and finally, if a text was read more than three times. Table 4.4 shows the
frequency for each of these categories.
Step 6, 7, 8: Establish a Statistical Relationship. The last three steps are
concerned with building, piloting, and validating a statistical connection between the
evidence elicited and the competency model. Shute et al. (2017) recommend using
Bayesian Networks for the statistical model in stealth assessments. Thus, in the following
section, a brief introduction to this analysis will be provided, followed by the procedures
used to build, calibrate, and validate the analysis.
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Table 4.4
Frequency of Discretized Variables
Variable
Time

Description
Time spent reading text in the
quests.

Discrete categories
Fast
Medium
Slow

Frequency
12,225
6,739
804

Respond

Whether or not the text being
read required a response

Respond
NoRespond

6,182
13,599

Sent_K

Length of the sentence.

Short
Medium
Long

6,513
12,875
393

LookUp

Whether or not a word was
looked up.

No Look Up
Look Up

18,439
1,342

Vocabulary

Whether or not a text contains
a known word.

Known
Unknown
Both

1,908
5,904
1,382

Duplicates

How many times the same text
has been read.

Origin
Less than three times
More than three times

8,153
4,762
6,866

ReadComp

Outcome variable indicating if
a text was read/understood.

Read/Understood
Not Read/Understood

413
193

Bayesian Belief Networks
Bayesian belief networks (BBN) are statistical models that reflect how a set of
variables are related by probabilities. Figure 4.7 shows a simple example of a BBN. In
this example, there is a student with either a high, medium, or low IQ, a variable that
determines whether the learner studies or not, and an outcome variable, exam, that is
either high, medium, or low. When data is entered into the model, Bayesian networks
determine the likelihood that a student with a high IQ scores low on an exam, or it can
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Figure 4.7
Simple Bayesian Belief Networks Example

provide probabilities of a student with a low IQ who choose to study getting a medium
score on the exam. Bayesian networks are based on Bayes Rule which states that the
probability of A given B evidence is equal to the probability of B given A multiplied by
the probability of B divided by the probability of A (see Figure 4.8, Note: P(A|B) = the
probability of A given B occurred).
Figure 4.8
Bayes Rule

Bayesian networks are comprised of a network of conditional probability tables
(CPTs) that represent nodes within a simple causal graphical structure. The nodes in the
structure, also referred to as an influence diagram, illustrate the direction of influence
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each node has on other nodes. In the example above, the exam score is influenced by both
studying and student IQ and whether or not a student studies is further influenced by their
IQ. The CPTs provide probabilities in regards to the belief that a particular state will be
present given the evidence (Chen & Pollino, 2012). For instance, given the evidence that
a student studies, and they have a high IQ, the CPT for Exam score might state that there
is an 85% chance for a high score, 10% chance for a medium score, and 5% chance for a
low score. Evidence is then entered into the model and probabilities are propagated
throughout each node. For example, if a student with a high IQ who studied received a
medium score, the final CPT for Exam score will update to reflect this new information.
The graphical structure of Bayesian belief networks and recent BBN software
reduce the technical knowledge previously needed to build networks and make
interpreting BBNs easier. In this study, the software Netica (www.norsys.com) will be
used to construct the BBNs. Although Netica makes the technical side of creating BBNs
easier, the conceptual development, calibration, and validation of BBNs still requires
rigorous detail and documentation. Marcot et al. (2006) provide a detailed set of
guidelines for building and validating BBNs which is used in this study. Speaking
broadly, there are three steps involved: establishing the structure of the BBNs, defining
the parameters, and then testing/validating the model.
Marcot et al. (2006) breaks the process down into three stages (alpha, beta, and
gamma level), with the beta level serving as a point of reflection and opportunity for
iteration on the alpha and gamma levels as the point of testing and validation of the BBN.
The first step in the alpha level is to identify a structure. The BBN structure can either be
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defined by an expert via literature review or can be determined through data mining
approaches via the data. In most cases the expert-defined model is preferred as the datainduced model can lead to overfitting with results that make little sense (Clark, 2003;
Marcot et al., 2006).
The first step is to create an influence diagram that illustrates the effect that each
node has on other nodes and clearly state the rationale for each node. Figure 4.9 shows
the expert-derived model, while Figure 4.10 shows the data-driven model. The datadriven model was created to illustrate a difference between the two approaches. In the
data-driven model, reading comprehension is said to influence all variables, further
Figure 4.9
Expert Model
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Figure 4.10
Data-Driven Model

vocabulary is shown to influence time and duplicates, while LookUp influences
vocabulary. In the expert-driven model, only LookUp, Time, and Vocabulary are seen to
have a direct effect on reading comprehension. Duplicates is seen to affect LookUp as the
more times a learner sees a similar text, the less likely they are to look up a word.
Similarly, Duplicates influences Time as repeat texts occur the amount of time spent on a
text should decrease. Last, the more times a learner is exposed to a text, the more
Vocabulary they will be exposed to. Respond refers to a text that prompts a learner to
respond to a question. Thus, LookUp should be more prominent, Time should be longer,
and Vocabulary should be increased given the increased amount of text with extra
prompts. Similarly, Sent_k (the length of the text) should affect reading Time and
Vocabulary given that longer texts will take longer to read and have more vocabulary. It
was also assumed that longer texts may impact a learner’s wish for support via the
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glossing feature, LookUp.
The next step involves adding CPTs to each of the nodes and discretizing the
variables. Marcot et al. (2006) provide a list of suggestions for this step (see Table 4.5).
Many of the suggestions provided are done so to keep the parameterization process
manageable. For example, the first guidelines suggest keeping parent nodes, which are
nodes that influence a particular node to three or fewer and the fifth guideline suggests to
keep variable categories as small as possible.
Table 4.5
Guideline for Model Construction
Guidelines for model construction
1. Number of parent nodes should be kept to three or fewer.
2. Parentless nodes should be those that have observable cases.
3. Intermediate nodes summarize major themes.
4. To the extent possible all nodes should be observable and quantifiable, in cases where they cannot the
nodes should be carefully documented and explained.
5. Fewest discrete states possible, but enough to get precision
6. Number of layers should be kept to four or fewer.
7. Model should be full documented with the rationale for each node.
Note. Adapted from Marco et al. (2006).

Recall the earlier example that predicts exam score from student IQ and whether or not
they studied. In this example, Exam score only has two parent nodes (study and IQ), and
is categorized into three states (High, Medium, Low). Table 4.6 shows what a CPT might
look like for Exam score with only two parents. It’s important to note here that given that
student IQ and Study are parentless nodes, they are populated with cases, or observed
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data. However, the percentage, or the probability that a student with a high IQ and that
studies gets a high exam score (0.85) is determined by the expert. Thus, if Exam Score
were to have say four or five parents, it is easy to see how it would be difficult to track
and define probabilities that make sense across all possible scenarios. In the present
study, all variables were discretized according to the methods outlined above and nodes
either contain two or three states (see Table 4.6). Further, all nodes have three parents,
other than the three parentless nodes.
Table 4.6
Simple Conditional Probability Table
Exam score
──────────────────
High

Medium

Low

Student IQ

Study

0.85

0.10

0.05

High

Yes

0.80

0.15

0.05

High

No

0.45

0.35

0.20

Medium

Yes

0.20

0.35

0.45

Medium

No

0.05

0.15

0.80

Low

Yes

0.05

0.10

0.85

Low

No

The next part involves creating a priori CPTs for each of the nodes. This is an
initial set of probabilities that is believed to represent the relationship between each of the
nodes. It is important to note here that once case data is added, the CPTs will adjust
according to the data entered. Marcot et al. (2006) provide a few strategies for creating
expert-defined CPTs when past data is not available as is the case in this study. One can
set the CPTs to uniform value so the probabilities are set so that each state has an equal
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chance of occurring. “Peg the corners” is another strategy in which the extreme cases are
first defined (usually as 0% or 100%) and then the intermediate cases are set by adjusting
all of the cases in between accordingly (Marcot et al., 2006). The Peg the Corners
strategy was used to define the Reading comprehension node which has LookUp,
TimeCat, and Vocabulary as parent nodes. This was seen as important to establish
because the Reading comprehension knowledge has limited cases to validate and thus the
outcomes will rely largely on the expert-defined CPTs. The other six nodes were set to
uniform values. Although adding expert input to set CPTs is typically recommended, this
was not seen as a major issue given the large number of cases available for each of these
nodes. Thus, once the cases are added, the CPTs will calibrate and reflect more closely
the reality of the class and student being modeled.
Table 4.7 shows the CPT that was created for the Reading Comprehension node.
To define this table, I first started with all of the LookUp equals No states. I then
compared vocabulary knowledge within each Time state. Thus, not knowing a vocabulary
word and not using the glossing system to look up the unknown word was set as the
lowest probability at 5% chance of reading comprehension. I did not make this
impossible as there is a small chance that a word was learned via images and had been
seen multiple times and thus there is still a chance that it was read. Then, for this
subgroup (NoLookUp and Fast Time), I made knowing a vocabulary word the highest
probability for reading comprehension at 20% and both knowing and not knowing a word
as an intermediate value 10%. Next, I adjusted all of these scores for the NoLookUp with
medium and slow reading times making the medium times the most likely to be examples
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of reading and the slow reading times to be the intermediate (between fast and medium)
in terms of reading comprehension probability. Finally, I copied the probabilities and
pasted them into the LookUp equals Yes states and uniformly increased the probabilities
of reading comprehension to reflect that using the glossing system is a strong indicator
that the student is attempting to read the text. After adding all of the CPTs and then
compiling the BBN, the following network was produced (see Figure 4.11). Note that all
of the parents of Reading Comprehension and
Table 4.7
Reading Comprehension Conditional Probability Table
Reading comprehension
──────────────
No
Yes
90
10
95
5
80
20

LookUp
No
No
No

Time
Fast
Fast
Fast

Vocabulary
Both
Don’t know
Know

45
55
40

55
45
60

No
No
No

Medium
Medium
Medium

Both
Don’t know
Know

70
75
60

30
25
40

No
No
No

Slow
Slow
Slow

Both
Don’t know
Know

65
75
60

35
25
40

Yes
Yes
Yes

Fast
Fast
Fast

Both
Don’t know
Know

25
30
20

75
70
80

Yes
Yes
Yes

Medium
Medium
Medium

Both
Don’t know
Know

40
45
35

60
55
65

Yes
Yes
Yes

Slow
Slow
Slow

Both
Don’t know
Know
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Figure 4.11
Compiled Bayesian Belief Networks

the parentless nodes are set to the probabilities that give each state an equal probability of
occurring. Reading Comprehension is set so that there is a 48.8% chance that a text is
understood. However, this is simply the current prediction without adding any cases to
update the CPTs.
The next step involves adding cases to automatically update the CPTs. Eighty
percent of gameplay data from the entire class was added to the model and the updated
CPTs are reflected in Figure 4.12. Next, it is important to test and validate the network.
One way to validate the network is to add evidence to a model. This involves assuming
that one of the states in a node has a 100% chance of occurring and then exploring how it
changes the other CPTs. In Netica, one can simply click on the node and state that is
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desired to be 100%. For example, if Medium time is clicked on, it is assumed that
Reading comprehension will increase, similarly with using the glossing tool, or looking
up a word. To confirm that this network was working properly, I added evidence to each
of the parentless nodes. Specifically, I checked Origin, Respond, and Medium all of
which I assumed would lead to higher probabilities in reading comprehension for
previously stated reasons. Marcot et al. (2006) state that a primary “goal is to get the
model to tell you what you think it should tell you” (p. 3067). This assumption was
confirmed, which led me to the next testing method.
Figure 4.12
Cases Added

Another testing method is the use of a confusion matrix to see how well the model
is performing. Twenty percent of the cases from gameplay data were withheld when the
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BBN was updated with cases. These 20% were then used as test data to determine the
accuracy of the model to predict reading comprehension. It is important to note that
overall, only 3% of the text contained prompts that had a definitive right or wrong
answer. It was these texts that were used to test the accuracy of the model. Table 4.8
shows a confusion matrix of the prediction accuracy.
Table 4.8
Confusion Matrix
Predicted reading comprehension
───────────────────
No

Yes

Actual reading comprehension

9

21

No

21

97

Yes

This model had an error rate of 28.3%. The model shows that it was more difficult
to predict when reading comprehension was not occurring (“No”) than when it was
(“Yes”). Further it should be noted that there were much fewer occurrences of “Yes” than
“No.” Though it should be noted that behavior on the texts that have definitive answers
were likely different than that of other texts. In other words, texts with definitive right
and wrong answers prompted students to respond to questions and thus students likely
spent the optimal amount of time on these texts and used the glossing tool. However, they
still may have gotten the answer wrong. Thus, this model is looking for behavior that
mimics reading comprehension rather whether or not they answered the correct answer.
To further validate the model, the BBN will be applied to each students’ gameplay data
individually. The CPTs from the whole class BBN will be applied as the a priori CPTs
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for each student’s BBN, and then student case data will be added to the model to
automatically update the competency model CPTs. Finally, the predicted probability for
comprehending texts read for each student will then be correlated with student scores on
the external reading assessment and informative teacher assessments of reading scores to
validate the model’s effectiveness to predict reading comprehension. The overall class
model, and the results from each of the competency models will be discussed in the
following results section.
Results
The present study was primarily focused on evaluating stealth assessments’ ability
to assess young Chinese dual language immersion students’ reading comprehension while
playing a game. To answer this question, a Bayesian Belief network was constructed
using the following variables: Reading comprehension (ReadComp), Vocabulary look up
(LookUp), Time (TimeCat), student vocabulary knowledge (Vocabulary), length of the
text (Sent_K), a binary variable indicating if the text prompted learners with a response
(Respond), and a variable that indicated how many times the text has been read
(Duplicates). Table 4.9 describes these variables. The BBN (see Figure 4.13) illustrates
the overall BBN for all students. Suggesting that 43.3% of the texts were read while
56.7% were not. A majority of those that were not read were likely skipped because they
were duplicates or they were skipped because the student wanted to engage in battle. In
the second row, the LookUp variable shows that the LookUp function was only used on
6% of the texts. Approximately 34% of the texts were read with the optimal amount of
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Table 4.9
Bayesian Net Variables
In-game indicators

Description

Time

Time spent reading text in the quests

Respond

Whether or not the text being read required a response

Sent_K

Length of the sentence divided into short, medium and long. K-clusters were
used to divided the sentence lengths into three categories.

LookUp

This is a binary variable that indicates if a word was looked up or not in a text

Vocabulary

This is a categorical variable that indicates if a known or unknown vocabulary
word or both is present in the text being read.

ReadComp

This is a binary variable that indicates if the passage was read.

Duplicates

This is categorical variable that indicates if the current text is the first time the
player has seen the text, if it is one of the first three times, or if the player has
seen it more than three times.

Figure 4.13
Overall Bayesian Belief Networks
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time, and 65% of the text exposed to students contained a word that they did not know.
This information, in combination with the small usage rate of the look up tool, may
provide rationale for the low reading rate. In the final row, 41% of the texts were original,
meaning nearly 60% of the texts read were repeats. Only 30% of the texts asked students
to respond and most of the texts (64.1%) were of medium length.
Figure 4.14 shows that when students did look up a vocabulary word, their
chances of reading a text increase to 56.4%. Given that this is an expert model and as
such, reading comprehension is defined by the expert, this finding makes sense. Note, the
origin text increases to 67.4% suggesting that students are more likely to use the look up
tool when they are reading a text for the first time. In addition, fast texts, or texts that are
Figure 4.14
Adding LookUp as Evidence
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skipped are also reduced suggesting that when students look up a word they are not
skipping it. This is an important finding for the validity of these nets. One means of
validating a BBN is ensuring that it behaves as is intended (Marcot et al., 2006).
In the next figure (see Figure 4.15), the texts that result in prompting the learner
with a response increases the reading comprehension from 43.3% to 49.3%. This is
another example of the BBN providing evidence that it is functioning as expected.
Figure 4.15
Adding Respond as Evidence

Figure 4.16 shows that when a student looks up a word, knows a vocabulary word
in the text, and is responding to a prompt, there is a 66.3% chance that the student reads
the text. When this happened, there was a 75.9% chance that a student used the optimal
reading time (Medium) compared to only a 34% chance when reading any text. Finally,
this had a 72.5% probability of occurring the first time that a student saw a text.
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Figure 4.16
Adding Multiple Evidence

After exploring these models at the class level, a BBN was modeled for each
student using the parameters from the overall BBN as the a priori parameters for each
student. Then, student cases from the game were added to update the CPTs and the
reading comprehension scores were calculated for each student based on their in-game
behaviors and actions. These scores were then correlated with both their post-scores on
the external reading comprehension assessment and with the informal rubric scored and
averaged by two of the students’ Chinese teachers. The two informal scores made by the
Chinese teachers were significantly correlated R = .82 (t = 8.52, df = 34, p value < 0.001),
suggesting that the teacher score has high reliability. The BBN reading comprehension
scores for the students was significantly correlated with the external reading
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comprehension test R = .52 (t = 3.45 df = 32, p value = 0.001). Further, there was a
stronger correlation with the teacher scores R = .65 (t = 4.93, df = 34, p value < 0.001).
To visualize these correlations, a facet-grid plot was produced (see Figure 4.17) in
R to illustrate the BBN score, teacher score, and external post-assessment score for each
student. Scores were first standardized so that 0 is equal to the average score for that
class. Bars above 0 represent a score that was above the average for the given assessment
and likewise scores below 0 represent scores that were below the average for that
particular assessment. Values on the Y axis represent standard deviations from the mean.
Ideally, scores will be similar across all three assessments to lend validity to the BBN as
an assessment. For example, student 35 is approximately 2 standard deviations higher
than the mean on all three assessments, student 23 is at the mean on all three assessments,
and student 20 is 1 to 2 standard deviations below the mean all three measures. This
visualization also helps illustrate areas for concern, for example Student 33 and 6 are
about 1 standard deviation below the mean on the BBN assessment, but average or higher
on the other two assessments.
Finally, to further explore how the stealth assessments compare to the two
external measures, the final reading competency scores produced by the Bayesian belief
networks were discretized into three categories: low, medium, and high. Low scores (n =
8) were those that were 1 standard deviation below the mean. High scores (n = 9) were
scores that were 1 standard deviation above the mean. Medium scores (n = 19) were those
within 1 standard deviation of the mean. Then, the average paper-based and teacher score
for students in each of the stealth assessment categories (e.g., low, medium, high) were
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Figure 4.17
Student Scores on All Three Assessments

calculated. Table 4.10 shows the results. An ANOVA confirms that students in the stealth
assessment categories have significantly different scores on the paper-based assessments
[F(2,31) = 5.08, p = 0.01] with a large effect size (Cohen’s f = .57) and on the teacher
scores [F(2,33) = 7.35, p = .002] also with a large effect size (Cohen’s f = .67). A Tukey
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HSD post-hoc test indicated that students in the High category of stealth assessments
have significantly higher means on teacher scores than students in the medium (p = .03)
and low (p = .002) categories. Students in the High category of stealth assessments have
significantly higher means on the paper-based scores than students in the medium (p
= .01) category, but not in the low (p = .05) category. These implications for these
findings will be further explored in the discussion section.
Table 4.10
Comparing Stealth Assessments to External Measures

Assessments
Paper-based assessment
(Range = 1-10)
Teacher score
(Range = 1-5)

Stealth assessments
───────────────────────────
Low
Medium
High
──────── ──────── ────────
M
SD
M
SD
M
SD
4.00
2.36
4.11
1.79
6.55
2.18
2.19

0.75

3.05

1.14

4.17

1.15

ANOVA
F value
5.08*
7.35**

* p < .01.
** p < .001.

Discussion
To date, no studies have explored the development and implementation of gamebased assessments in an L2 context. Assessing learners while they play a digital game
that promotes learning and meaningful interaction could be especially meaningful for
dual language immersion (DLI) programs that must teach both language skills and
content knowledge in a limited time. The present study explored if stealth assessments in
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a digital game could effectively assess L2 Chinese students’ reading comprehension
skills. To do this, Bayesian belief networks were built to model reading that occurred by
each student while playing the game. The parameters were first established from
conditional probability tables that were created by using class-level data as a priori
parameters. Student data was then entered into the model to update beliefs about reading
comprehension for each student. These scores were then extracted and correlated with
both the external post-reading assessment and informal assessments of each student by
their two most recent Chinese teachers. The results showed that the scores produced by
the BBN were significantly correlated (R = .52) with the paper-based post-external
assessment. This suggests that by leveraging student interaction with the glossing tool,
average time spent on task, and vocabulary knowledge, the stealth assessments were
predictors of traditional reading assessment measures. This is similar to that of Shute et
al. (2016) who found a significant correlation of R = .43 while modeling problem solving
that occurred within the commercial game Plants vs Zombies. Shute et al. compared their
stealth assessment scores to two external measures and concluded that the MicroDyn
problem solving assessment (Wüstenberg et al., 2012) was a better predictor of the
problem-solving scores from the stealth assessments in Plants vs Zombies because the
tasks were more similar. Similarly, I also correlated reading comprehension scores found
in the stealth assessments with a second external measure. Teachers informal scores were
found to have a stronger significant correlation (R = .66). While the teacher scores are
admittedly based on intuitive assumptions made by the educators, it is important to note
that these two teachers’ scores were highly significantly correlated (R = .82) and were
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likely based on several experiences (not a one-off snapshot) with the students attempting
to read in the classroom. Both of these teachers reported delivering a weekly, formative
reading assessment with each of their students. Thus, this may be evidence that the BBN
is acting closer to an educator’s informal assessment in that it takes into account more
data when predicting the probability that a student comprehends a text.
In a follow-up analysis, I created three categories of students (low, medium, and
high) based on the results of the stealth assessments and then compared how these three
categories scored on the paper-based assessments and the teacher scores. Given that the
students who scored in the high category in the stealth assessment had significantly
higher scores than those that scored in the medium category, this would suggest that the
stealth assessments are good at identifying highly proficient readers. Differences between
students in the low and medium categories were not significant. This may suggest that the
stealth assessment does not distinguish between lower- and medium-level readers as well
as highly proficient readers. However, this could also be a result of my classification of
proficiency based on the stealth assessment scores.
To further understand the implications of these findings, it is important to
understand what each assessment is capturing. In other words, teacher scores are likely a
result of teacher intuition based on multiple observations of students’ performance on
informal reading assessments in the classroom. Whereas, the paper-based assessment is a
one-time snapshot of a student’s ability to extract information from a text. The stealth
assessment is most likely capturing a student’s engagement and/or attempts to read a text.
In other words, the stealth assessment is not capturing whether or not a student has

155
accurately extracted information, but rather if a student is actively reading a text. It is
reasonable to assume that these three outcome variables (i.e., the stealth assessment, preand post-assessment, and teacher assessment) would be highly correlated given that to
extract information, one must actively read. Thus, stealth assessments may be better at
identifying more proficient readers simply because they collect more observations and
given their proficiency, they are able to engage with the text more. While these findings
are encouraging, more research is needed in order for stealth assessments to be used more
broadly in L2 contexts.
Conclusion
The goal of the present study was to build and evaluate stealth assessments to
assess L2 Chinese reading comprehension while they played a digital game in the
classroom. Assessing L2 reading comprehension is difficult because the process is
internal to the learner (J. Lee & VanPatten, 2003) and reading depends on many factors
including vocabulary knowledge, grammar knowledge, L1 reading abilities, and among
others (Jeon & Yamashita, 2014). Game-based assessments may help address some of the
difficulties associated with assessing L2 reading comprehension. Through game-based
assessments, researchers can not only collect large amounts of data related to the text that
students read and how students interact with the texts, but they can also include data
collected outside of the game to further strengthen reading models. The present study lays
the ground work for building such models by illustrating how average time spent on text,
use of an in-game glossing tool, and vocabulary knowledge taken from a pre-test are
associated with reading proficiency measured by both a paper-based test and informal
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teacher assessments.
Implications and Limitations
The results of the present study have several implications for future research.
First, if games can continue to accurately predict students’ reading skills, then games can
be further designed to adapt to a learner’s reading level as they improve. Thus, as a
student plays the game, becomes exposed to more vocabulary, and develops reading
skills, new levels can be opened that allow the learner to continue to be challenged and
exposed to new vocabulary and text. Second, the use of BBNs in the present study not
only illustrate how such networks can be built and applied to assessments, but they also
provide user-friendly visuals that may be beneficial to educators. Future research should
explore ways of providing this information to teachers and how teachers can use this
information to inform practice. Third, the present study was limited by the amount of
vocabulary knowledge that was able to be considered. In other words, I was only able to
assess 45 words on the pre- and post-assessments. To build better models, I’ll need more
information about each of the characters that students know. Accuracy could be improved
by continuously monitoring student vocabulary knowledge throughout the year, through a
mobile app, and then adding that vocabulary knowledge to the BBNs. This would allow
more accurate vocabulary states in which the model would know if all of the vocabulary
words were known rather than if only the target vocabulary word was known. Next, the
BBNs illustrated the value of understanding how duplicate texts affect reading
comprehension and further how prompting learners to respond to a text promotes reading
comprehension. This does not mean that every text should prompt a learner to respond as
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this may disrupt the flow of gameplay, but designers should be aware that such prompts
will increase learner attention. Finally, the present study only used one type of text that
had a definitive response. This does not mean that more texts with definitive responses
should be added as this may again lead learners to feel that they are being assessed or
playing an educational game, but more unique text types should be found that can be
integrated into the dialogue to capture more unique types of reading to be assessed.
The present study has a few limitations. First, the sample size is relatively small
for this type of study. Ideally, the parameters that were used for the student models would
have come from a larger population instead of the classes that was being observed. This
is important because the model was assessing the learners based on their relative
performance compared to their classmates. The students in this school may have played
the game in a particular way that is different from learners of the same age group at large.
Future studies will need to expand these assessments to more classrooms. Another
limitation was in the lack of vocabulary knowledge and task type in the game. The lack
of vocabulary knowledge makes it difficult to fully understand how much of a text that a
student knows. The BBNs are good at making inferences from this lack of data, but more
data would undoubtedly increase the accuracy of the models. Task type diversity is also
important. Future studies will need to explore reading comprehension when students are
engaging in a wider variety of tasks. Further, a wider variety of tasks will provide more
information to the BBN, which can also lead to models with better accuracy.
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CHAPTER 5
DESIGNING A DIGITAL GAME FOR CLASSROOM USE, DATA
COLLECTION AND GAME-BASED ASSESSMENT:
MULTIPLE PAPER DISSERTATION
This dissertation set out to build and evaluate a digital game designed to both
promote L2 learning in a Chinese DLI classroom context and assess L2 Chinese reading
comprehension via game-based assessments. Although past research has identified games
as beneficial sites for L2 learning and motivation (Cornillie et al., 2012; Hayes, 2005;
Prensky, 2001; Warschauer & Healey, 1998), to date, few studies have explored the
integration of digital games into elementary classrooms (deHaan, 2019; Jones, 2020), the
use of EDM techniques to investigate how gameplay styles relate to learning, and no
study has specifically designed games with the intent to assess L2 learners. In addition,
very few L2 studies conduct research on learning Chinese. Further, the present study
attempted to measure L2 reading, which is a skill that is difficult to capture given that
many of the processes involved are internal to the learner (J. Lee & VanPatten, 2003).
Research has identified several benefits associated with using virtual assessments,
and, more specifically, game-based assessments. Such benefits include providing learners
an opportunity to learn while being assessed. This is possible because unlike traditional
assessments in which authentic L2 use is often divorced from the assessment items, the
assessments in GBA are embedded into a context that is meaningful and familiar to
learners (Clarke-Midura & Dede, 2010; Halverson & Owen, 2014). Another benefit is
reduced anxiety. Research indicates test-taker anxiety has a negative effect on test
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performance (Cakici, 2016; Gardner et al., 1997). Given that stealth assessments are
‘stealthy’ and unobtrusive, learners are often unaware that they are being assessed, thus
reducing anxiety associated with tests (Mavridis & Tsiatsos, 2017). Finally, given the fun
factor that is typically associated with games (Ansteeg, 2015; Becker, 2007; Gee, 2003;
Prensky, 2001), and the amount of time learners may potentially spend on games, another
added benefit is the amount of data that can be collected. Traditional assessments have
been argued to be problematic because they take a snapshot approach to the skill being
assessed (Baker et al., 2016; Shute & Wang, 2015). However, because game-based
assessments can collect multiple observations of students’ performance and utilize data
collected at multiple time points, they may be able to provide more valid assessments of a
learner’s skill.
Thus, the goal of this dissertation was to build a game with embedded
assessments designed to assess L2 Chinese reading comprehension. In Chapter 2, I
explored the learning that occurred as a result of playing the game in the classroom and
found significant gains in both L2 vocabulary and reading comprehension. Further, I
identified seven types of support that were provided to the students as they played the
game. This study found that such supports not only help learners become better game
players and provide linguistic support, but also such support provides a linguistically rich
environment for learners to further use their L2.
In Chapter 3, I illustrated how educational data mining techniques could be used
with data collected from a digital game in an L2 context. This study found that time spent
on reading texts was an important indicator for both vocabulary and reading
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comprehension gains and further that the use of the in-game glossing tool also accounted
for some of the variance in learning gains. Finally, this study identified four subgroups
within the two classes based on how students played the game. One group was more
focused on battling, one on reading the text, another on using the glossing tool more than
others, and finally one group appeared to struggle with the game. There were no
significant differences in learning gains between these two groups suggesting that the
regardless of style of gameplay, learners were able to learn as a result of the intervention.
Finally, in Chapter 4, variables identified in Chapter 3 were used to build a
Bayesian Belief network that assessed the likelihood that students read and understood a
text. A BBN was created and a final probability of reading comprehension was calculated
for each student. These scores were then correlated with an external reading
comprehension test and informal assessments from two past teachers. The game-based
assessments were significantly correlated with both assessments, but a stronger
correlation was found between the game-based assessment and the informal teacher
assessments.
The results for the present study have several implications for the digital gamesbased language learning field. First, this study provided a model for how digital games
can be integrated into classroom settings. By using supplemental material, in-game
exploits can be leveraged for L2 language practice outside of the game. Further, by
providing support to learners while they play the game, instructors not only provide
linguistic and game literacy support, but they can also leverage the game as a means to
engage in meaningful L2 interactions. Further research should explore how educators
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leverage digital games in the classroom and the type of supports that are needed for other
L2 gaming contexts.
Second, the EDM approaches used in this game can be used to make inferences
about how the game promoted learning. In addition, the data collected and analyzed via
the game could be utilized to inform teacher practices when teaching with and around
games. Future research is needed to explore the effect of teacher support given in the
classroom on the identified in-game indicators. In other words, it is important to know if
providing support to learners made average time spent on text an important variable or if
this variable would be important even when teacher support is removed. In addition,
future research should explore what data is most useful to educators who use games in
the classroom. In other words, would teachers leverage data that indicates how certain
students play a game?
Finally, the stealth assessments were strongly correlated with external
assessments and informal teacher assessments on student reading abilities. Before these
assessments are used to assess learners in lieu of traditional paper-based assessments, it
will be important to increase accuracy and test their reliability across grade level,
languages (e.g., Spanish, German), and schools. Further, the assessments will need to be
designed to assess other L2 competencies (e.g., vocabulary, speaking). If game-based
assessments can be validated on a larger scale, educators can leverage games as a means
to teach and assess their learners simultaneously.
In my dissertation, I set out to build a game designed to promote learning and
assess L2 Chinese reading comprehension. This study found that learners significantly
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increased vocabulary knowledge and reading comprehension after playing the game over
seven 20-minute sessions. Further this study identified four subgroups that had unique
gaming styles and how those gaming styles may have led to different learning outcomes
and gaming experiences. Finally, the stealth assessments in this game were significantly
correlated to both teacher assessments and paper-based assessments suggesting that this
game successfully measured students’ L2 reading skills.
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1.
2.
3.
4.
5.

PRE Survey

First Name
Last Name
Age
Class (Circle one)
Gender (Circle
one)

Red | Blue
Male | Female | Other

6. What language do you speak at home?
a. English
b. Chinese
c. Spanish
d. Other. If other, what language do you speak with your family
______________.
7. Do you play video games at home?
a. Yes
b. No
8. How often do you play video games?
a. Every day
b. At least once a week
c. At least once a month
d. Less than once a month
e. I have only played a few times in my life
9. How well do you the following things in Chinese?
Check one for each skill.
0Not at
all
Speak
Listen
Write
Read

1

2

3

4

5

6

7

8 – I am the
best in class
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10. Answer the following questions by checking one box for each item.
1 = I completely disagree. ----- 8 = I completely Agree
Item
It bothers me to encounter words I can’t pronounce while
reading Chinese
I am worried about all the new symbols I have to learn in
order to read Chinese
I enjoy reading Chinese
I feel confident when I am reading in Chinese
The hardest part of learning Chinese is learning to read.
I would be happy to learn to speak Chinese rather than
having to learn to read as well.
I get upset when I’m not sure whether I understand what I
am reading in Chinese.

1 2 3 4 5 6 7 8
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Chinese Character
蚂蚁
蝙蝠
欢迎
龙
鹰
摘
熊
布
找
木头
野猪
狼
宝剑
棉花
召唤
蛇
告诉
砂石
害怕
折
香蕉
蝎子
战斗
兵马俑
买菜
石头

I know
the
answer

I think I
know the
answer

I’m just
guessing

Pinyin

English
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Chinese Character
无聊
地震仪
上海
需要
磁铁
鸵鸟
兔子
北京
船
蜜蜂
听说
狐狸
帮忙
甲虫
武器
指南针
知道
喜欢
猫头鹰

I know
the
answer

I think I
know the
answer

I’m just
guessing

Pinyin

English
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1. 蝙蝠喜欢吃水果。
★蝙蝠会吃哪个？
A – 猪肉
B – 苹果

6. 兵马俑很古老，所以人们需要保护他
们。
★为什么兵马俑很古老？
A – 兵马俑太胖了

C – 米饭

B – 因为生病了

2. 这个指南针坏了,所以指向西边。

7. 蜜蜂不能和大的动物战斗。

★指南针应该指哪边？

★蜜蜂会和哪个动物战斗？

B – 北边

B–熊

C – 南边

C–狼

3. 虽然他喜欢红色的花但是他摘了黄
色的花。

8.磁铁可以吸引铁的东西。

A – 东边

★他现在有什么颜色的花？
A – 蓝色
B – 黄色
C – 红色

C – 是中国古代的人

A – 老鼠

★磁铁可以吸引哪个东西？
A – 铅笔
B–书
C – 白板

4. 今天的天气很舒服。

9.李老师需要你帮忙。

★今天的天气怎么样？

★李老师可能要你做什么？

B – 太热

B – 和朋友说话

C – 又刮风又下大雨

C – 在教室睡觉

A – 不是很冷不是很热

A – 收集学生的石头
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5. 其实人们不应该害怕蝙蝠，应该害
怕野猪。

10. 我听说中国的龙可以召唤雷电和暴
雨， 而西方的龙才是一个巨大的怪物。

★人们应该害怕哪个动物？

★西方的龙。。。

B–狗

B – 可以召唤雷电

C – 野猪

C – 代表幸运

A – 蝙蝠

A – 很大

Post Survey
11. First Name
12. Last Name
13. How well do you do the following things in Chinese?
Check one for each skill.
0Not at
all
Speak
Listen
Write
Read

1

2

3

4

5

6

7

8 – I am the
best in class
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14. Answer the following questions by checking one box for each item.
1 = I completely disagree. ----- 8 = I completely Agree
Item
I enjoy reading Chinese
I would be happy to learn to speak Chinese rather than
having to learn to read as well.
I felt irritated while playing the game.
I felt bored playing the game.
I get upset when I’m not sure whether I understand what I
am reading in Chinese.
The story of the game interested me.
I put in a lot of effort while playing the game.
I felt happy playing the game.
I am worried about all the new symbols I have to learn in
order to read Chinese
The game was challenging
It bothers me to encounter words I can’t pronounce while
reading Chinese
I forgot everything around me while playing the game.
The hardest part of learning Chinese is learning to read.
I feel confident when I am reading in Chinese
The game was boring.
I felt frustrated while playing the game.
I was totally absorbed in the game.

1 2 3 4 5 6 7 8
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Chinese Character
熊
船
战斗
兔子
蝙蝠
欢迎
木头
喜欢
蛇
野猪
上海
知道
龙
宝剑
买菜
猫头鹰
砂石
蝎子
找
北京
蚂蚁
香蕉
石头
告诉
地震仪
甲虫

I know
the
answer

I think I
know the
answer

I’m just
guessing

Pinyin

English

188

Chinese Character
害怕
折
指南针
无聊
武器
狐狸
召唤
鹰
摘
狼
帮忙
兵马俑
鸵鸟
棉花
听说
磁铁
布
蜜蜂
需要

I know
the
answer

I think I
know the
answer

I’m just
guessing

Pinyin

English
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1. 虽然他喜欢红色的花但是他摘了蓝
色的花。
★他现在有什么颜色的花？
A – 蓝色
B – 黄色
C – 红色

2. 兵马俑很古老，所以人们需要保护
他们。
★为什么兵马俑很古老？
A – 兵马俑太胖了

B – 是中国古代的人
C –因为生病了

6. 磁铁可以吸引铁的东西。
★磁铁不可以吸引哪个东西？
A – 钥匙
B–书
C – 白板

7. 蜜蜂只能和小的动物战斗。
★蜜蜂会和哪个动物战斗？
A – 野猪
B – 老鼠
C–狼

3. 今天的天气很不舒服。

8. 我听说中国的龙可以召唤暴雨， 而西
方的龙才可以喷火。

★今天的天气怎么样？

★中国的龙…？

A – 不是很冷不是很热

A – 可以喷火

B – 天气很不错!

B – 可以让下雨

C –太热!

C – 是不好的

4. 这个指南针是指向西边。

9. 狼喜欢吃蔬菜。

★指南针应该指哪边？

★狼会吃哪个？

B – 东边

B – 苹果

C – 西边

C – 米饭

A –北边

A – 胡萝卜
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5. 其实人们不应该害怕猫头鹰，应该
害怕狼。
★人们应该害怕哪个动物？
A–狼

B – 猫头鹰
C – 野猪

10. 李老师需要你帮忙。
★李老师可能要你做什么？
A – 现在回家

B – 和朋友说话
C – 给校长一张纸
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Appendix D
R Libraries Used for Data Cleaning and Analysis
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Library
tidyverse
plyr

expss

chron
lubridate

RcppRoll
dplyr

tidyr
data.table

questionr

tibble
textclean
tm
stringr

Citation
Wickham et al., (2019). Welcome to the tidyverse. Journal
of Open Source Software, 4(43), 1686,
https://doi.org/10.21105/joss.01686
Hadley Wickham (2011). The Split-Apply-Combine
Strategy for Data Analysis. Journal of Statistical Software,
40(1), 1-29. URL
http://www.jstatsoft.org/v40/i01/.

Application
These
applications
were used for
data cleaning/
manipulation.

Gregory Demin (2020). expss: Tables, Labels and Some
Useful Functions from Spreadsheets and ‘SPSS’ Statistics. R
package version 0.10.2.
https://CRAN.R-project.org/package=expss
David James and Kurt Hornik (2020). chron: Chronological
Objects which Can Handle Dates and Times. R package
version 2.3-55.
Garrett Grolemund, Hadley Wickham (2011). Dates and
Times Made Easy with lubridate. Journal of Statistical
Software, 40(3), 1-25. URL
http://www.jstatsoft.org/v40/i03/.
Kevin Ushey (2018). RcppRoll: Efficient Rolling /
Windowed Operations. R package version 0.3.0.
https://CRAN.R-project.org/package=RcppRoll
Hadley Wickham, Romain François, Lionel Henry and Kirill
Müller (2020). dplyr: A Grammar of Data Manipulation. R
package version 0.8.5.
https://CRAN.R-project.org/package=dplyr
Hadley Wickham and Lionel Henry (2020). tidyr: Tidy
Messy Data. R package version 1.0.2. https://CRAN.Rproject.org/package=tidyr
Matt Dowle and Arun Srinivasan (2019). data.table:
Extension of `data.frame`. R package version 1.12.8.
https://CRAN.R-project.org/package=data.table
Julien Barnier, François Briatte and Joseph Larmarange
(2018). questionr: Functions to Make Surveys Processing
Easier. R package version
0.7.0. https://CRAN.R-project.org/package=questionr
Kirill Müller and Hadley Wickham (2020). tibble: Simple
Data Frames. R package version 3.0.0. https://CRAN.Rproject.org/package=tibble
Rinker, T. W. (2018). textclean: Text Cleaning Tools
version 0.9.3. Buffalo, New York.
https://github.com/trinker/textclean
Ingo Feinerer and Kurt Hornik (2019). tm: Text Mining
Package. R package version 0.7-7. https://CRAN.Rproject.org/package=tm
Hadley Wickham (2019). stringr: Simple, Consistent
Wrappers for Common String Operations. R package
version 1.4.0.
https://CRAN.R-project.org/package=stringr

These libraries
were primarily
used for
cleaning text
data specifically.
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Library
tmcn
tidytext

topicmodels

readr

jiebaR

quanteda.corpora
quanteda

rpart
rattle
rpart.plot

rcolorBrewer
cluster

factoextra

Citation
Jian Li (2019). tmcn: A Text Mining Toolkit for Chinese. R
package version 0.2-13. https://CRAN.Rproject.org/package=tmcn

Application

Silge J, Robinson D (2016). “tidytext: Text Mining and
Analysis Using Tidy Data Principles in R.” _JOSS_, *1*(3).
doi: 10.21105/joss.00037 (URL:
https://doi.org/10.21105/joss.00037), <URL:
http://dx.doi.org/10.21105/joss.00037>.
Grün B, Hornik K (2011). “topicmodels: An R Package for
Fitting Topic Models.” _Journal of Statistical Software_,
*40*(13), 1-30. doi: 10.18637/jss.v040.i13
(URL: https://doi.org/10.18637/jss.v040.i13).
Hadley Wickham, Jim Hester and Romain Francois (2018).
readr: Read Rectangular Text Data. R package version 1.3.1.
https://CRAN.R-project.org/package=readr
Qin Wenfeng and Wu Yanyi (2019). jiebaR: Chinese Text
Segmentation. R package version 0.11. https://CRAN.Rproject.org/package=jiebaR
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“Map_id” : “2,”
“Pathing” : [
[“00:00:27,” Transfer, 23,11],
[“00:00:28,” Text, 你醒了！你叫什么名字？,undefined],
[“00:00:29,” Respond, \n[1],李伟,张敏,我不知道！,0],
[“00:00:29,” Text, 好名字！你是不是刚刚到了北京？,undefined],
[“00:00:29,” LookUp,名字,undefined],
[“00:00:30,” Respond, 是的！,0],
[“00:00:30,” Text, 那， 你应该去找\c[10]张伟\c！,他会教你怎么战斗
(zhàndǒu)！,undefined],
[“00:00:33,” Path, 22,11],
[“00:00:33,” Path, 21,11],
[“00:00:33,” Path, 20,11],
[“00:00:33,” Path, 20,12],
[“00:00:34,” Path, 19,12],
[“00:00:34,” Path, 18,12],
[“00:00:34,” Path, 17,12],
[“00:00:34,” Path, 16,12],
[“00:00:34,” Path, 15,12],
[“00:00:34,” Path, 15,11],
[“00:00:35,” Path, 14,11],
[“00:00:35,” Path, 13,11],
[“00:00:35,” Path, 12,11],
[“00:00:35,” Path, 11,11],
[“00:00:35,” Path, 11,12],
[“00:00:35,” Path, 11,13],
[“00:00:36,” Path, 10,13],
[“00:00:36,” Path, 9,13],
[“00:00:36,” Path, 8,13],
[“00:00:37,” Path, 8,14],
[“00:00:37,” Path, 8,15],
[“00:00:37,” Path, 7,15],
[“00:00:37,” Path, 6,15],
[“00:00:37,” Path, 5,15],
[“00:00:37,” Path, 4,15],
[“00:00:38,” Event_Start, OldMan,undefined],
[“00:00:38,” Text, 你在这儿可以买书! ,undefined],
[“00:00:44,” Path, 5,15],
[“00:00:44,” Path, 5,16],
[“00:00:44,” Path, 5,17],
[“00:00:45,” Path, 5,18],
[“00:00:45,” Path, 6,18],
[“00:00:45,” Path, 7,18],
[“00:00:45,” Path, 7,19]

{
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